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ABSTRACT 
 
 
The economic goals in a typical industrial plant are to improve product quality, maximize 
equipment up-time, reliability, and availability, and minimize spare part inventories and 
maintenance costs. Modern facilities are comprised of thousands of subsystems with 
critical unique components. Simple components and more complex engineering 
systems alike are typically engineered to perform satisfactorily.  Their lives can be 
predicted under normal operation runtime.  It should be the same with chronological 
time lapse from the moment of installation. However, their ages accelerate faster than 
chronological time lapse if they are operated under unfavorable working conditions, 
making their remaining life predictions likely not accurate, thus making failure imminent. 
These components most become more sophisticated and advanced to meet 
supercritical demands, and unplanned critical failures of any these components can 
result in costly operation stoppages. Speedy repair costs of failed components during 
operation can be extremely costly, not only due to the failed component, but also to 
collateral damage to other components, which can result in significant economic loss, 
lost production, personal injury, and even loss of life.  
Today’s marketplace faces global competition, ever-changing customer 
perception, and evolving demand.  Industrial plants are constantly retooling their 
operations and equipment to act in a supercritical manner, and this is happening amidst 
the already complex nature of mechanical structures, operational stress, and 
environmental influence. To address these continuous changes, early fault detection is 
imperative to accurately predict the Remaining Useful Life (RUL) of machinery to 
prevent performance degradation and malfunction, which leads to substantial damage. 
Predicting the RUL of degraded components and putting these components to use will 
reduce spare part inventories and maintenance and increase reliability, availability, and 
performance to minimize plant downtime and production loss while enhancing operation 
safety. 
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The primary purpose of this dissertation is to create an improved prognostic 
algorithm and methodology to predict the time of machinery failure. Empirical wear 
models built using historical operating conditions are then used to monitor the RUL of 
machinery and components. Machinery online monitoring data are used to determine 
the current health state of components along their life curves. 
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CHAPTER ONE  
INTRODUCTION  
 
 
1.1 Brief of Introduction  
“There is nothing permanent except change” - Heraclitus (Greek Philosopher - 
6th Century BC). What was true more than 2,000 years ago is just as true for today. 
Continuous technology changes involving machinery and equipment that have taken 
place have a substantial effect on nearly every aspect of our everyday lives, such as 
washing machines, vacuum cleaners, computers, and mobile Smartphones. These 
changes are all around us, increasing in magnitude and affecting how we work and 
what we do [5]. 
Industrial machinery and engineering systems also are continually changing in a 
similar way and have been characterized by significant technological change.  Many are 
now improving at a rapid rate and are being designed to operate at extreme conditions 
or in supercritical operations [1]. Therefore, maintaining equipment in operational 
condition is more vital than ever before to reduce unforeseen equipment failures and to 
lower the risk of mission failures that can impact production functions and safety [4]. 
Most industries have responded by investing a great deal to improve the reliability and 
availability of their assets. The fact of the matter is that companies are increasingly 
dependent on their machinery and equipment to perform whenever required [6]. 
Table 1 shows how technology has changed from the past to the current for 
some objects with similar functions and how their use has impacted people’s lives over 
time. 
  
 2 
 
Table 1.1 Technology Changes from Past to Present  
Past  Present 
 Communication  
Wall telephone  
Computer (email) 
Rotary dial telephone  
Mobile Smartphone 
Pedal toy car  
Electric toy car 
Typewriter  
Laptop computer 
Slate (tablet size chalkboard)  
Tablet computer 
 Manufacturing  
Hand-made or made to order  Factory mass produced 
 
Source 
 
Locally made   International                
manufacturing/distribution 
 
 
The following figures demonstrate how technology has changed from the past to 
the present. Figure 1.1 shows an old-time 10 HP Steam Engine in 1817 and its modern-
time equivalent of 1,300,000 HP (1000 MW). Figure 1.2 shows Edison’s Pearl Street 
Electricity Generating Station in New York City in 1880, compared with more recent 
electricity generating plants. Figure 1.3 shows DC-1 with 12 passengers, 180 mph in 
1931 compared with an Airbus A-380 with the capacity of 900 passengers (economy 
only mode) travlling of 560 mph in 2005 [1]. 
For industrial machinery and engineering systems that are subject to continuous 
changes and for anyone involved in industrial machinery maintenance, performing 
Preventive Maintenance (PM) is essential. Early fault detection and correction are 
critical to prevent part/equipment malfunctions and performance degradation. Poor PM 
can lead  to substantial system damage or human injury [2].  
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Figure 1.1 Old-Time Steam Engine                 Modern-Time Steam Turbine 
 
 
 
Figure 1.2 Edison’s Pearl Station               Recent Electricity Plants 
 
 
Figure 1.3 DC-1 in 1931                                   A-380 in 2005 
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PM is maintenance tasks carried out at fixed periodic intervals and determined 
based on requirements of component failure modes to prevent unscheduled equipment 
failure before it actually occurs [7][8]. Types of PM tasks include proactive or planned 
maintenance and condition-based maintenance (CBM). These tasks can vary from 
simple lubrication or inspection for defects to restoration such as repairs or replacement 
of worn components. Components such as bearings and gears in rotating machinery 
are critical, but they are not easy to visually inspect. PM involves taking equipment off-
line, opening it up, inspecting it, making repairs, and replacing various components to 
prevent failures from happening at an unexpected time [9,10].  Equipment is then 
installed back on-line for operation; however, whenever any machine is taken out of 
service to inspect for signs of problems or wear it is exposed to potential damage due to 
maintenance errors (e.g., misalignment could cause bearing wear), which can lead to 
failure before the next scheduled maintenance.  For this reason, a fixed interval 
schedule maintenance task has to be balanced between the effect of the component 
failure and the simplicity of the inspection. 
CBM technologies enable companies to perform equipment condition 
assessment at a suitable or practical time, rather than at time intervals, to determine the 
need for service [11]. CBM is based on evaluating the equipment condition to determine 
if service is required. CBM technologies determine whether a component will fail at 
some future life period, and then maintenance actions are taken only when potential 
failure is detected. Once a potential failure is detected, the remaining useful life (RUL) of 
the component can also be predicted using Health Monitoring Systems (HMS) data.  
By definition, CBM is a set of maintenance actions, based on real-time or near 
real-time assessment of machinery condition, which is obtained from embedded 
sensors and external tests and measurements taken by a portable device. CBM is a 
form of proactive equipment maintenance that forecasts incipient failures and is 
becoming wide-spread and well-known in industry and the military. According to 
Department of the Navy, OPNAV instrution 4790.16A, “The purpose of CBM strategy is 
to perform maintenance only when there is objective evidence of need while ensuring 
safety, equipment reliability and reduction of total ownership cost.” [3][20]. To cope with 
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technology changes concerning new challenges particular to safety and economy, the 
US Department of Defense (DoD) is a strong supporter of CBM to improve reliability, 
availability, reduce maintenance efforts, and lower operating costs [18]. 
1.2 Challenges 
The growth of electronic technology in machinery presents challenges for use in 
military and industry application systems in several respects. One of these is the 
complexity of testing systems to determine theirfunctional status [12] in order to permit 
efficient fault detection and fault isolation, which are key to achieving system 
performance and cost-effectiveness goals. Better assessment of the current health state 
and predicted remaining forthcoming capability of systems can be of assistance in 
decisions that might otherwise potentially underutilize a system’s remaining useful life 
(RUL) or overuse a system that is on the verge of failure. Thus, identifying impending 
failure to predict the remaining useful life of machinery and equipment enables a proper 
schedule maintenance plan, which results in maximized equipment uptime.  In 
engineering systems such as aerospace, industrial steam turbine, electricity plants, 
automobiles, etc., diagnosis and prognosis are the two essential steps to resolve a 
problem in which the occurrence of a failure may result in significant system damages, 
severe human injuries, and organization financial losses. Prognosis and diagnosis are 
vital to machinery health monitoring and Condition-based maintenance (CBM) [13].  
CBM is becoming widespread and well-known in industry and the military as a way to 
cope with technology changes concerning new challenges in safety and cost. CBM is a 
form of proactive equipment maintenance that forecasts incipient failures. CBM differs 
from reactive (run-to-fail) and predictive (scheduled) maintenance approaches. Most 
maintenance service manuals identify guidelines for preventive maintenance which is 
time-based such as fixed-interval inspections and scheduled repairs. To perform 
unnecessary maintenance is costly and labor intensive and does not prevent 
catastrophic failures, and it also decreases operational availability. In summary, a 
successful CBM system ensures the following benefits [15]: 
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(1) Safety and equipment availability benefits: identifies impending failure in advance 
to minimize operational risks, and maximizes operational availability of systems; 
(2) Maintenance benefits: Reduces the maintenance costs incurred as a result of 
event-driven or conventional time-based maintenance; 
(3) Logistic benefits: Significantly reduces product development cycles, with fewer 
maintainers,  less test equipment costs, and inventory 
 
The differences between the three different maintenance strategies are: (a) 
Predictive Maintenance is scheduled based on current condition and forecast of 
remaining equipment life; (b) Preventive Maintenance is scheduled based on a fixed 
time for schedule inspecting, repair, and overhaul; and (c) Reactive Maintenance (Run-
to-Fail) is based on“Fix when it breaks” with no scheduled for maintenance [17].  
A complete CBM system comprises some functional capabilities such as 
sensing, data acquisition, signal processing, health state assessment, prognostics, and 
decision support. Additionally, a human interface with the system is required. CBM 
systems usually require the integration of a variety of hardware and software 
components; however, diagnostics and prognostics are the two most essential 
components. They make available the necessary information of the system to give 
support for further maintenance decisions. 
Essentially, CBM is predictive maintenance and includes two parts: (1) providing 
a forecast of remaining useful life (RUL) for the system, and (2) assessing the status of 
current equipment. 
1.3 Objective and Motivation  
Machinery and equipment operated without proper care and maintenance will 
likely perform desired functions for only a limited amount of time.  An effective 
maintenance approach should be established to improve the effectiveness of industrial 
maintenance.  This approach should be balanced between preventive maintenance and 
corrective maintenance to maximize equipment uptime and system availability and to 
minimize maintenance cost, operating costs, spare parts inventory maintenance costs, 
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and the overall life-cycle cost of an organization’s assets. Such an approach may also 
be motivated by safety considerations. 
To avoid machinery or system failure in the middle of operation, maintenance 
effectiveness must be measured and improved, and preventive maintenance must be 
performed. This commonly known wisdom can be challenged by a simple question: 
When should maintenance be performed and how much?  In problem cases for 
equipment used in large engine test facilities, such as the ones at the Arnold 
Engineering Development Complex (AEDC), it is critical to know a component’s  RUL 
prior to its next failure (thus next maintenance). This is often not a linear function based 
on time or activity.  Therefore, real-time health condition monitoring is necessary to 
collect prognostic data that can be used to predict RUL.  The questions then become 1) 
how to analyze the equipment health data collected so that critical equipment conditions 
can be detected and 2) how to predict the equipment RUL using the proper prognostic 
models. 
In highly competitive markets, manufacturing equipment needs to operate at full 
capacity, so it is important to keep it in top working condition. Companies must be able 
to find and fix problems before they have equipment breakdowns at inopportune 
moments. Doing so requires a company to collect continual data and to determine the 
condition of each asset. But the more complicated the system, the harder it is to detect 
early faults. Therefore, it is vital to monitor the degradation of equipment and 
components to keep equipment operating at full capacity and in top working condition 
and to prevent equipment breakdowns at an inopportune time.  To be able to detect 
early disturbance faults in a robust way, additional uncertainties and errors must be 
addressed. Modern industrial machinery technologies have upgraded numerous 
machinery components.  Also, equipment and systems are advancing at such an 
exponential rate that maintenance departments and personnel cannot predict the next 
unplanned equipment breakdown with only the current methods of predictive 
maintenance.  Therefore, there is a need to have a real-time, on-line equipment 
monitoring and prognostic modeling system.  This advanced maintenance approach 
offers accurate detection and identification of component and machine faults early on.  It 
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can be used to determine the realistic cause of the problem so that the proper 
maintenance decisions can be made promptly. 
For operations that are comprised of only a small number of machines, manually 
operated instruments to measure and record machine health conditions might be 
reasonably adequate.  However, for large industrial manufacturing, aerospace, and 
military setups such as AEDC which consists of large engine test facilities where 
operations include hundreds or perhaps thousands of critical components or machines, 
it is nearly impossible to predict equipment failure without first detecting and identifying 
potential faults that could stop operations.  Operational interruptions at complex facilities 
can result in not only loss of operation revenue, but also the cost of expedited repair 
and restoring failed critical equipment, as well as the collateral damage to other devices. 
In a large engine test complex comprised of advanced technology and testing 
facilities such as AEDC, some equipment may be used regularly on a daily or weekly 
basis, while others equipment may be used less frequently.  Regardless of its usage 
frequency, a test cell and its associated plant are expected to be available and reliable 
to support customer requirements whenever needed.  Tests can run for extended 
periods of time during which it is nearly impossible to perform maintenance.  Equipment 
failures during tests can be extremely costly, not just due to the cost of repairs of the 
component that failed, but also due to unpredictable consequential damage to other 
equipment.  These failures can cause delays to test programs that can cascade into 
delays for other subsequent testing and development schedules. 
Early detection of faults to prevent catastrophic failure is necessary in light of 
significant and growing demands in various industries and in large military engine test 
complexes. Presently, the methods to process data for prognosis still lag behind the 
development of other parts of prognostic systems. The motivation of this dissertation is 
to incorporate available asset health information in a newly developing prognostic 
algorithm to forecast RUL of particular monitoring equipment. Asset health information 
such as condition measurements as derived through Condition Indicators (CIs) reflect 
the current state of the system and the level of degradation. Operating condition 
information (i.e., load, environmental stresses, etc.) allows the incorporation of the effect 
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of operations that accelerate or decelerate the deterioration of assets into prognostic 
predictions and failure event data (i.e., suspended and/or observed). Operating 
condition information is less important for equipment that runs at steady-state for 
extended periods of time as is often the case in manufacturing.  However, it is 
significantly important for equipment in many other areas, in particular in large engine 
test facilities, where equipment is often run to meet production/test points with many 
starts and stops. 
1.4 Research Goal 
The objective of this dissertation is to develop a prognostic algorithm that will 
allow the prediction of the time until plant machinery will fail to enable better 
maintenance planning and decision making.  Operating run time conditions will be 
measured after a small number of failures have been detected in order to predict an 
additional number of failures that will occur over a future period.  The algorithm will 
incorporate prognostic models with three types of asset health information including 
failure event data (i.e., observed and/or suspended), condition data, and operation 
environment data into a model to have more effective and reliable predictions [19] and 
to calculate RUL of particular components. Operating condition information allows the 
incorporation of the effect of operations that accelerate or decelerate the degradation of 
assets into prognostic predictions. 
This dissertation also aims to develop a generic prognosis process as a tool to 
reduce life-cycle costs while increasing equipment availability, such that maintenance 
personnel can order parts and schedule maintenance just-in-time.  This will create 
enormous savings since parts could be run for their full useful lives, maintenance 
schedules could then be optimized, and, most significantly, the spare parts inventory 
that must be purchased, maintained, and tracked could be reduced drastically. The 
result could be applied for a variety of different systems such as gearboxes, bearings, 
valves, motors, pumps, and electrical components. 
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1.5  Dissertation Outline 
This dissertation is divided into different six chapters. This chapter (chapter 1) 
provides a general background of the technology, how equipment and machinery has 
changed, maintenance roles and the prognostics problem, and the motivation of the 
research. Chapter 2 provides a literature review of the diagnostic and prognostic 
techniques. Chapter 3 presents the development and validation of prediction 
methodology and its contributions. Chapter 4 is the key contribution of this work: the 
development of new prognostic algorithms. This approach combines the use of 
component run time with assessments of component condition based on a set of 
Condition Indicators (CIs) and then utilizes statistical wear rate models based on 
expected operating conditions and condition degradation models for discrete events to 
predict when critical components will require replacement.  The algorithms developed 
will be generic, allowing for uses in a wide variety of systems.  
The algorithm demonstrated in Chapter 5 utilizes a set of rolling element bearing 
data chosen as a test case to determine the CIs for machinery condition monitoring.  
The bearing data for the test case were taken from the Case Western Reserve 
University (CWRU) Bearing Vibration Data Center database [16] in which specific 
bearing faults were created and data collected at different load levels. This generic 
algorithm process can be used from an instantiation procedure (i.e. in programming, 
creation of a class of objects or a computer process of a real instance/template) to 
develop explicit prognosis methods.  Chapter 6 summarizes the contributions of this 
work and provides recommendations for further research. 
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CHAPTER TWO  
LITERATURE REVIEW 
 
 
2.1 Introduction 
Operations, maintenance activities, and equipment represent real costs to an 
organization and must be evaluated using appropriate cost-effectiveness analysis such 
as equipment reliability, replacement, failure prevention or elimination of failures [4]. 
Maintaining equipment in operational condition has always been a primary objective 
commercial and military industries. A good maintenance plan can yield just as 
significant results to production as quality programs [21].  It is essential to monitor and 
track the current health state of critical components and machinery during operation to 
continue to ensure safe and productive operation [22] and to prevent performance 
degradation and malfunctions which lead to substantial damage. 
As mentioned in Chapter 1, today’s complex technologies continuously drive the 
change of advanced equipment and machinery, which demands highly sophisticated 
and costly maintenance strategies.  Availability and dependability continuously require 
improvement in machine reliability. This chapter will present a detailed literature review 
on traditional and advanced diagnostics and prognostics methods. It is not the purpose 
of this chapter to provide a comprehensive literature survey on the diagnostics and 
prognostics systems, but to provide a brief introduction to such systems. First, 
commonly used terminologies are introduced. Then strengths and limitations of each 
method are discussed. 
2.2  Terminology 
Some commonly used terms in the diagnostics and prognostics systems field are 
defined as follows [24]: 
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(1) A system is a collection of components or objects whose abnormalities are to be 
addressed.  
(2) A feature is a distinct pattern of data (signal) that is associated with a particular 
fault or failure.  
(3) A failure is a physical or operational abnormality in the system that indicates 
severe degradation of performance or breakage (of a system or component).  
(4) A fault is a physical or operational indication of abnormality in the system that 
indicates an impending failure.  
(5) Diagnostics or fault detection or fault identification is a process to detect and 
identify or classify the abnormalities (fault, failure, defect, etc.) of a system.  
(6) Failure prediction is the capability to provide early detection of the precursor 
and/or incipient fault condition of a component and to have the technology and means 
to manage and predict the progression of this fault condition to component failure [25].  
(7)  “Prognostics” is the prediction of the future state of health of a component based 
on its current and historic health conditions [1]. 
(8) Condition Indicators (CIs), also known as "features", are specific values derived 
from data that are used to detect particular faults. These include purely characteristic 
values such as statistical factors (variance, skew, and kurtosis) and values based on a 
physical understanding of the system such as the vibration level at the rotating 
frequency of the shaft [26]. As an example, accelerometers are used to monitor the 
health of all components in the transmission. When fatigue damage begins to occur on 
a bearing or gear, explicit fault patterns are evident in accelerometer vibration 
signatures. CIs refer to the vibration characteristics that are extracted from these 
signatures to indicate component health. CIs allow maintenance to be performed based 
on component health rather than at predetermined time intervals, and they are required 
for a system to reliably detect a component fault, monitor the fault progression, and 
indicate when maintenance should be performed. To identify anomalies/faults that occur 
in the field within a particular part, CIs must demonstrate a high level of reliability in 
order to provide a high level of detection capabilities with minimal false alarms [27]. 
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2.3 Brief History of Plant Maintenance Strategy 
Maintenance started off in the early years with a need to perform repairs on a 
machine when it broke down.  These were performed by the operator of the machine 
because the operator was familiar with how the equipment operated and should 
operate, and the operation would be the first to be aware of unfamiliar behavior that 
might lead to failure (e.g., different equipment noises).  Also, such machines were then 
rather common, simple, and inexpensive, and they did not didn’t require much 
maintenance; they were labor-intensive (manual) to operate, and their usefulness up to 
a certain point was limited (Albea Inc. James Aaron Hill, Maintenance/Electrical 
Technician personal communication, May 02, 2014). 
The definition of maintenance often acknowledged is that it is an activity of 
servicing equipment  to ensure it will reliably continue to perform its intended working 
operating condition, to repair that which has failed, to keep it running, or to restore it to 
its intended operating function. Another viewpoint of examining the maintenance 
function is to not only maintain, but also to optimize/enhance the process of plant 
operation, rather than merely restoring or trying to restore the component or equipment 
to its original function (Albea Inc. James Aaron Hill, Maintenance/Electrical Technician 
personal communication, July 17, 2014).  
According to H. BIN JABAR and Segi Perkasa Sdn Bhd, “Beginning in the 80’s, 
the growth of mechanization and automation has become more complex and some 
small breakdowns in equipment could affect the operation of the whole plant.  This has 
meant that reliability and availability have become key issues since any failure can have 
serious consequences to the whole division.” [28]. Equipment has become much more 
complex as time and technology have progressed, and operational equipment downtime 
has become more critical.  Today, industrial machinery and engineering systems are 
continually changing at a rapid rate.  Maintenance and repair of equipment requires 
special skills and special tools, components, and materials.  This complexity has 
increased the need for an effective maintenance operating strategy that can be very 
complex, depending on the type and amount of equipment in use and to be maintained.  
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To proficiently maintain today’s technology equipment requires a further need for early 
fault detection and correction on critical components and machinery and for monitoring 
and tracking current health states during operation to prevent performance degradation 
and malfunction, which in turn leads to equipment failures and operational downtime, 
resulting in substantial costs due to production and  program delays [29]. 
2.4 Functional Maintenance Structures 
According to Kothamasu et al. (2006), maintenance can basically be classified 
into two categories:  Reactive or Unplanned Maintenance, and Proactive or Planned 
Maintenance.  Corrective or emergency maintenance is classified as Reactive or 
Unplanned Maintenance.  Preventive Maintenance (Constant Interval Maintenance, 
Age-Based Maintenance, and Imperfect Maintenance) and Predictive Maintenance 
(Reliability Centered Maintenance/RCM) and Condition Based Maintenance/CBM) are 
types of Proactive or Planned Maintenance [30].  Currently, different strategies of 
maintenance are practiced in industry, depending on the nature of a company’s 
business.  This dissertation focuses on Predictive Maintenance (PdM).  A simplified 
classification of current maintenance approaches is presented in Figure 2.1. 
2.4.1 Reactive or Unplanned Maintenance 
The reactive or unplanned maintenance (RM) philosophy is the traditional 
maintenance strategy known as the “run-to-breakdown” method. This maintenance 
practice is one of the earliest maintenance philosophies implemented in industry and 
gives little focus to the actual condition of plant assets [31]. The principle of this 
maintenance type requires no scheduled routine maintenance plan and no actions or 
efforts to be taken to maintain the equipment until it breaks down. This approach 
performs corrective action only when the equipment needs to be fixed or after it has 
failed; then applied corrective maintenance proceeds by repairing, restoring, or 
replacing faulty parts and components, restoring the equipment to an appropriate 
condition so it can perform its intended functions. This strategy avoids any unnecessary 
maintenance by only repairing components or systems that have already failed, but it is 
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only cost-effective if unexpected downtimes and catastrophic faults do not result in 
collateral damage.  
 
Reactive or Unplanned
Maintenance
MAINTENANCE
Proactive or Planned
Maintenance
Corrective
Maintenance
Emergency
Maintenance
Preventive
Maintenance
Constant Interval
Maintenance
Age-Based
Maintenance
Imperfect
Maintenance
Predictive
Maintenance
Reliability-Centered
Maintenance (RCM)
Condition-Based
Maintenance (CBM)
 
Figure 2.1 Taxonomy of Maintenance strategies [30]  
 
One could view this method as saving money because there are no required 
capital costs or manpower costs for preventive maintenance [32]. However, it is well 
recognized that the costs of this maintenance technique are high due to the occurrence 
of unplanned failures. The result is production downtime, damaged machinery, overtime 
(caused by the nature of failures at an uncertain time), and the downside results can be 
severe. Damage can be catastrophic due to collateral damage to components other 
than the ones that failed and perhaps to connected machines [33]. Also, to minimize 
interruptions to operations, rushed repair of the components that have broken down can 
increase errors and damage; therefore, costs due to emergency maintenance repairs 
can be greatly increased. Run-until-failure maintenance plans are suitable to some 
industries with large numbers of small similar machines (e.g., manufacturing with large 
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number of sewing machines) where failures of these machines are not critical to 
production and are unlikely to be catastrophic.   
The advantages and disadvantages of reactive or unplanned maintenance are 
shown in Table 2.1. 
 
Table 2.1 Advantages and disadvantages of Reactive or Unplanned Maintenance [35] 
Advantages Disadvantages 
Low Cost and Less Staff 
Increased cost due to unplanned equipment 
downtime. 
Increase labor cost, especially if overtime is 
needed 
Cost involved with rush repair or replacement of 
equipment 
Possible collateral damage to other equipment 
or processes from equipment failure 
Inefficient use of staff resources 
 
2.4.2 Proactive or Planned Maintenance 
Unlike the other three types of maintenance strategies (reactive, corrective, and 
emergency) which have been discussed so far, proactive or planned maintenance can 
be considered a new approach to maintenance strategy.  Proactive or planned 
maintenance is intended to extend the useful life of equipment by monitoring and 
correcting failing root causes, concentrating on the monitoring and fine-tuning of root 
causes to equipment failures.  Under this broad category of proactive or planned 
maintenance strategy are two branches:  preventive maintenance that is based on time 
intervals, and predictive maintenance that is based on condition monitoring. 
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With the preventive maintenance (PM) method, also known as the time-based 
maintenance method, maintenance actions are performed on a predetermined periodic 
schedule, and maintenance tasks are based on elapsed time or hours of operation and 
statistical or historical data for specific types of plant equipment. PM approach action is 
performed by taking equipment off-line, opening it up, inspecting it, making repairs, and 
replacing various components to prevent failures from happening at an unexpected time 
[36,37]. The equipment is then put back on-line for operation. However, this 
maintenance approach also has its problems because whenever any machine is taken 
out of service to inspect for signs of problems or wear, it is exposed to potential damage 
due to maintenance errors (e.g. misalignment could cause bearing wear), which can 
possibly lead to failure before the next scheduled maintenance.  PM is a well-intended 
strategy, but it can be very expensive. 
PM was derived from a well-known and widely used reliability concept called the 
bathtub curve, which represents an increase in the probability of machine failure after a 
certain period of operation, as shown in Figure 2.2.  The bathtub curve in Figure 2.2 
shows the three phases of typical machine deterioration versus the run-time curve. 
Phase I is the early-life failure (run-in time), Phase II is the useful-life failure (normal 
operation period), and Phase III is the wear-out failure (failure development period). 
 
 
 
Figure 2.2 Bathtub curves [42] - Courtesy Hobbs Engineering Corp.  
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The curve shows how preventive maintenance applies to the equipment-failure 
cycle.  The bathtub curve indicates that the life cycle starts with a high probability of 
failures (infant mortality/premature) of a new machine during the first few hours or 
weeks of operation, generally failures caused by poor manufacture or incorrect 
installation. Note that Life Units (Time) can be distance, time (hours, miles, cycles, etc.). 
Following this initial early life cycle period, the probability of failure drops and stays at a 
relatively constant level (constant random failures/normallLife) until the equipment 
begins to have wear-out (end-of-life) failures [21].  Subsequent to the constant random 
failures or normal life cycle period, the probability of failure sharply increases with 
elapsed time or hours of operation.  However, preventive maintenance action is 
scheduled to take place before this probability significantly increases. 
2.4.2.1 Preventive maintenance 
Preventive maintenance does have several advantages over reactive 
maintenance. It results in improved efficiency of equipment.  By performing preventive 
maintenance actions, the service life of equipment will be extended. Preventive 
maintenance in general also minimizes unexpected failures in operation. However, 
preventive maintenance costs can be are high due to significant amounts of 
unnecessary maintenance, the enormous cost of replacing good parts which may be 
prematurely replaced before they have reached the end of their useful lives, and 
maintaining the larger inventory needed to support a preventive maintenance plan [41].  
The advantages and disadvantages of preventive maintenance are shown in Table 2.2. 
Preventive maintenance is maintenance conducted to keep equipment working 
and/or extending the life of the equipment.  Maintenance activities at predetermined 
intervals based on manufacturer recommendations or operational experience aimed at 
reducing the failure risk or performance degradation of the equipment are done.  Based 
on machine operating times and/or calendar time, at regular intervals machines are 
taken out of service, torn down, and inspected for signs of wear, and then various parts 
are replaced to prevent a component failing during operation. The incidence of 
operating faults is reduced through this approach, but it results in a significant amount of 
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unnecessary maintenance.  In general, this approach involves the highest maintenance 
costs. 
 
Table 2.2 Advantages and Disadvantages of Preventive Maintenance [35] 
Advantages Disadvantages 
  Energy savings Labor intensive 
Cost-effective in many industries 
   
Catastrophic failures still likely to 
occur 
  Flexibility allows for the adjustment  
  of maintenance period 
Potential for incidental damage to 
components in conducting 
unneeded maintenance 
  Reduced equipment or process 
  failure 
Includes performance of unneeded 
maintenance 
  Increased component life cycle 
 
 
2.4.2.2 Predictive Maintenance 
Predictive maintenance (PdM), sometimes called condition based maintenance 
(CBM) or reliability-centered maintenance, is an approach to equipment maintenance 
where actions are performed based on the component’s condition and is adapted and 
practiced in an extensive variety of industries. This maintenance method is based on 
analysis and observation, rather than on event of failure (corrective maintenance) or by 
following a strict maintenance time schedule (preventive maintenance) [45]. 
CBM is a methodology that optimizes between preventive and corrective 
maintenance with on-line detection and real-time monitoring to detect fault sources well 
in advance of a failure.  This makes it possible for maintenance to be a proactive 
process without the need for unnecessary repairs.  This strategy helps organizations 
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make maintenance decisions based on the condition of their equipment, rather than 
performing maintenance whether the equipment needs it or not or waiting until after a 
failure. CBM provides cost effective maintenance based on real-time data and optimizes 
the use of maintenance resources by fixing equipment at the right time or when needed.  
By applying CBM, organizations can minimize incidents of serious faults that cause 
equipment downtime, thereby optimizing resource management and drastically reducing 
maintenance costs. 
The National Defense Authorization Act for Fiscal Year 2010 encourages the 
Department of Defense (DOD) to adopt advanced predictive modeling by stating: 
“The Committee of Armed Services also encourages the DOD to adopt advanced 
predictive modeling and simulation methodology that incorporates the asset demand 
influencing factors to include time, usage, aging of parts, origin of critical parts, 
maintenance, and logistics support for all aviation and ground equipment program…” 
[43]. 
Over the years, researchers have proposed many methods to determine the 
condition of equipment while still in operation, typically based on temperatures, vibration 
signatures, and other run-time measurements [1]. It has been found that vibration data 
can be used with various techniques to identify component faults in earlier life cycles 
[46, 47]. Condition-based maintenance involves continuous real-time monitoring of 
system data and assessment of the health condition status of a component or system. 
From an assessment of health status, CBM can provide an estimate of the remaining 
useful life (RUL) of the system or component being monitored.  This functionality of 
CBM, known as the prognostics of a monitored system, and is the scope of this 
dissertation and is discussed further in Section 2.4 and other later chapters. The 
advantages and disadvantages of CBM are shown in Table 2.3. 
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Table 2.3 Advantages and Disadvantages of Condition-Based Maintenance (CBM) [35] 
Advantages Disadvantages 
 Energy savings 
Increased investment in    
diagnostic equipment 
 Increased equipment life/operational  
  availability 
Increased investment in  
staff training 
 Allows for preemptive corrective   
 actions 
Management usually does 
not readily see savings  
potential 
 Reduction in costs for parts and labor, 
equipment/process downtime 
 Improved worker and environmental safety.  
Improved worker morale. 
 
 
By definition, monitoring is an action of extracting and observing instrumentation 
that is sensing information from machines and systems. Hence, on-line monitoring 
consists of continuously acquiring instrumentation and vibration signals and using that 
processed data as real-time or near real-time data to indicate machine or system health. 
On-line condition monitoring is used for assessment of the health condition of a 
component, machine, or system while it is in service to help identify when wear-out 
indications begin to increase and to predict when failure is expected to occur [1].  CBM 
is becoming recognized and accepted as the most desirable/effective technique to 
achieve efficient maintenance where running to breakdown, or unexpected failures are 
not acceptable [49].  The outcome of the CBM approach is cost-effective because it 
enables maintenance to correct the component’s faults before it actually fails, and it 
avoids operation downtime and repair costs that are caused by unexpected failure as 
well as the costs of lost production that are caused by unnecessary preventive 
maintenance. 
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CBM is a more desirable approach in terms of time and money.  The goal of 
CBM is to perform maintenance only when an indication of need occurs, rather than 
based on time or usage data.  CBM is based on the measurable process of machine 
health degradation monitoring before reaching a failure mode [50] and is based on 
information gathered through condition monitoring which recommends scheduled 
maintenance.  
2.5 Prognostics in Health Monitoring 
Figure 2.3 shows the typical functional layers of the CBM process. Data are 
collected/acquired from a system of interest, feature extraction of CI is performed, 
detection & diagnostics (wear models and discrete event models) is performed, and 
finally a prognostic model is built on fault detection and diagnostics and is employed to 
estimate the RUL of the system. This model may include information from the original 
data, the feature extraction, and the results of the fault detection processes [51]. 
According to the Open Systems Architecture for Condition-Based Maintenance 
(OSA-CBM) standard [52] and the Condition Monitoring and Diagnostics of Machines 
ISO-13374 standard [53], a full CBM system consists of several functional layers. 
 
 
Data Acquisition 
Condition Monitoring 
CBM 
Data Manipulation 
State Detection 
Health Assessment Diagnostics 
Prognosis Assessment Prognostics and Health 
Management Advisory Generation 
Figure 2.3 Functional layers of CBM [45]  
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Prognosis is one of the layers of the overall condition monitoring process. The 
layers are: 
1. Data Acquisition:   This process involves the installation of sensors and data 
collection hardware and the collection of sensor measurement data; converting to a 
digital parameter format and representing related information such as time, velocity, 
acceleration, and sensor configuration. 
2. Data Processing/Manipulation:   After sensor measurement data have been collected, 
signal processing and feature extraction are applied.  During this process the data are 
transformed into meaningful condition indications (CIs) of component health suitable for 
automated fault detection. 
3. State Detection:   Using CIs derived from the data processing process, algorithms are 
used to detect the presence of fault conditions.  Traditionally the level of CIs is 
compared against a reference range (statistical baseline or model-based) to determine 
if each condition indicator is outside normal operating bounds.  Statistical methods may 
be used to set the alarm threshold levels for CIs to minimize missed detections and 
avoid false alarms driving unnecessary maintenance.  
4. Health Assessment (Diagnosis):   Faults are diagnosed and determines the current 
health of the equipment or process is determined, making an allowance for all state 
health information and determining any specific fault and their severity. 
5. Prognosis:   Future health states and failure modes are determined based on the 
current health assessment and projected future usage operations on the equipment 
and/or process, as well as RUL.   Accurate prognosis allows a determination of when a 
maintenance action should be performed, thereby allowing the planning of maintenance 
outages to reduce facility downtime.  Accurate prognosis also allows for parts to be 
ordered just-in-time, reducing logistics costs. 
6. Advisory Generation: Information is provided regarding maintenance or 
operational changes required to optimize the life of the process and/or equipment based 
on diagnostics/prognostics information and available resources. Failure prognostics 
consist of predicting future conditions from the current health status and symptoms [54] 
and is defined as the “estimation of the time to failure and the risk for one or more 
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existing and future failure modes” [55]. The resulting product of the prognosis method is 
an optimal maintenance planning schedule. 
Recently, a significant number of on-line equipment monitoring and prognostic 
models have been developed and proposed throughout the industry, and there models 
have been used by the research community to predict the remaining useful life (RUL) of 
an asset’s health.  These models are becoming increasingly important to the industry 
because of the need to avoid unforeseen equipment failure and to prevent potential loss 
of production due to the fault of equipment and safety violations.  Some prognostic 
models are mathematical, while others, depending on the type of data collected, require 
available information to validate and verify a deliberate model. 
In practice, most of the research related to CBM mainly involves fault diagnostics 
which use equipment health status condition monitoring and performing maintenance 
actions when faults are detected as they reach a level of severity demanding repair.  
Condition health monitoring systems employ several modules:  data collection, system 
monitoring and fault detection, fault diagnosis, fault prognoses, and operations and 
maintenance planning.  The entire suite of these modules can accomplish the goals of 
reduced unanticipated downtime due to catastrophic failures, reduced unnecessary 
planned maintenance, reduced life cycle cost, increased productivity, optimized 
operating performance, and extended operating periods between maintenance. 
Failure prognostics and asset life prediction are new research areas which have 
been growing rapidly in recent years.  Hundreds of papers every year on prognostics 
and asset life prediction approach, including theory and practical applications, appear 
known in various technical reports, academic journals, and conference proceedings [43, 
44].  Prognostics are being introduced to enable taking advantage of maintenance 
planning and logistics benefits as well as engineering asset health management.  
Prognostic techniques have been used for forecasting the future states of a component 
or system. In recent years, prognostics researchers have developed a variety of lifetime 
prognostic algorithms and calculation methods for equipment.  These methods can be 
classified based on their complexity, cost, and accuracy. 
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The following three main approaches [57] as shown in the Figure 2.4 
(1) Feature-Based Approach 
(2) Model-Based Approach 
(3) Data-Driven Approach 
 
Prognostic 
Methods
Data-Driven 
Physics of Failure
Or
Model-Based  
Traditional Reliability
Or
 Experience-Based
 
 
Figure 2.4 Classification of Prognostic Methods [57] 
 
2.5.1 Model-Based Prognostic Methods 
Model-based prognostic methods make use of a mathematical representation of 
the system and statistical estimation techniques based on observers (e.g., Kalman 
filters, particle filters) to track component degradation [56]. Wahyu Caesarendra et al., 
[58] discussed an algorithm based on the Sequential Monte Carlo method (also known 
as a particle filter) used in nonlinear systems that used data acquired in existent 
systems to obtain real-time trending for evaluation purposes of the technique. 
With provided usage conditions and model parameters characterizing the fault 
behavior identified and utilizing estimated parameters from the RUL, the Remaining 
Time to Failure (RTF) is calculated.  The model-based approach is best used in 
situations where accurate mathematical models can be constructed.  However, the 
model-based approach may be limited in practice since fault behavior is often unique, 
varying from component to component, and is hard to identify without interrupting 
operations. Because the damage is difficult to assess, a damage quantification process 
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is required from sensor measurement data to quantify the end results. The principal 
advantage of the model-based approach is that it can incorporate a physical 
understanding of the system while monitoring. 
2.5.2 Experience-Based Prognostic Methods 
In experience-based prognostic methods, historical feedback data collected over 
significant periods of time (operating data, maintenance data, failure data, etc.) are used 
to predict the probability of time-to-failure at any stage in time or RUL. Typically, failure 
data are compiled from legacy systems and a Weibull distribution, or another statistical 
distribution is fitted to the data [59]. This experience-based approach relates to 
collection and storage of information from subject matter experts, and an interpretation 
based upon reliability parameters is developed using a knowledge-based approach to 
gather feedback information for analysis of the asset [60].  
The advantage of experience-based prognostic methods is that their usage is 
based on a simple reliability function instead of complex mathematical models. 
 However, these methods can be unsuitable for complex systems because the 
behaviors of these complex systems may be relatively unpredictable and challenging 
and time consuming to execute.  A substantial investment in data gathering, system 
development, information systems, data backup, and reorganization is necessary for 
this approach. 
2.5.3 Data-Driven Methods 
In data-driven methods, on-line data are acquired from the sensor, and extracted 
relevant features are used to study the degradation to predict the future health state of a 
component. K. Medjaher et al.,[61] discussed a data-driven approach based on utilizing 
monitored data provided from sensors which consists of modifying data into reliable 
interactive models of degradations, and estimating the RUL of an entire industrial plant 
by focusing on its most critical component [62,63].   
The data-driven approach monitors system operating data such as calibration, oil 
debris, power, vibration signals, temperature, pressure, current, and voltages. The 
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ultimate goal is to measure input/output data and to understand the system degradation 
behavior. The data-driven approach relies on the hypothesis that statistical 
characteristics are consistent except when a catastrophic event occurs, and it predicts 
outcomes based on condition monitoring (CM) and historical data [64]. The 
disadvantage of utilizing data-driven methods for prognostic prediction is that their 
efficiency is dependent on the quantity and quality of a system’s operational data. 
However, the advantage data-driven methods have over model-based and experience-
based methods is that they can filter any noisy data. For example, it is easier to obtain 
reliable monitoring data from a real industrial system application than it is for build 
analytical behavior models. Generating behavioral models with real-time monitored data 
can result in more accurate prognostic results than those that are obtained from only 
experience feedback data. 
2.6 Chapter Summary 
This chapter, review the existing literature on different maintenance methods 
from the past and present, discusing advantages and disadvantages of each method 
and their usage plans. Additionally, the three types of prognostic methods, model-based 
(physics-based), experienced-based (knowledge-based), and data-driven are reviewed 
and presented for general understanding. Data-driven methods apply to the test case 
presented in this dissertation and are based on the effect of current fault on bearings to 
calculate RUL. 
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CHAPTER THREE  
METHODOLOGY CONTRIBUTION 
 
 
3.1 Background and Problem Description 
In highly competitive markets, manufacturing equipment needs to operate at full 
capacity, so it is important to keep it in top working condition. Companies must be able 
to find and fix problems before they cause equipment breakdowns at inopportune 
moments. Doing so requires one to continually collect data, perform early detection and 
determine abnormal conditions, and accurately maintain each asset. 
The life of major pieces of equipment is determined by wear faults of the critical 
parts (e.g., typical machinery that has rotational elements including bearings, gears, 
shafts, etc., and typically is designed and built to have some lifespan under “normal” 
wear and use). For a system, machine or component, under normal environmental and 
operational working conditions, its “age” coincides with the chronological time elapsed 
since it was installed [66]. However, accelerated degradation can take place due to non-
standard working conditions such as high-temperature or low-humidity conditions, 
aggressive load cycling from low to high cell voltages, operating environments such as 
a dusty atmosphere [67], neglected or incorrectly performed maintenance, and 
impurities in fuels and oils. Detection of early abnormal external conditions that can lead 
to premature equipment wear requires the capability to determine the remaining life of 
plant equipment so that a determination can be made as to when maintenance and 
repairs must be performed before scheduling the start of production to reduce the 
chance of equipment failure during operation [68]. 
A major concern for commercial plants and military complexes such as the 
Arnold Engineering Development Complex (AEDC) is unforeseen equipment failure of 
critical plant components during operation. Unplanned downtime can lead to extremely 
costly impacts to a company’s operations, test program delays, and loss of revenue. 
Therefore, the ability to monitor plant assets for degradation and to identify prognostic 
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parameters that will allow a good prediction of Remaining Useful Life (RUL) of critical 
machinery components is extremely useful.  Such a capability provides many benefits, 
including: 
 Improved scheduling of maintenance  
 Reduced sustainment costs (through lowered parts inventory) 
 Efficiently scheduled plant assets to maximize asset availability 
  
3.2 Previous Literature Survey and Prognostic Methods 
Failure prognostics correspond to the “estimation of the time to failure and the 
risk for one or more existing and future failure modes” according to the International 
Standard Organization [69]. They involve predicting future conditions on the basis of 
current health status and symptoms [54]. The implementation of the prognosis method 
results in an optimal maintenance planning schedule. In recent years, there have been 
many published techniques for performing prognostics and equipment failure 
prognostics. These techniques have been addressed in a number of publications for 
various types of equipment. One such technique is the statistical algorithm known as 
Weibull analysis, which develops a statistical model requirement on a large data 
collection of expected component life and is based on multiple new component tests. 
This technique, however, ignores important information such as component health data 
that can be used to improve results. A second existing technique is known as the 
trending technique, where a curve fit is applied to a CI value versus time and 
extrapolation is used to predict when the CI will pass some threshold deemed to the end-
of-life. Trending is a common technique but it is based only on past levels and rates of 
increase, and it is only accurate when the component is close to failure [68].   
Thus far, apparently no work has been done to incorporate the history of 
component operating conditions into degradation models and useful life predictions to 
predict plant equipment degradation and the likelihood of failure during operation. 
Failures are extremely costly, resulting in wasted staff time and production delays.  To 
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reduce this risk, short maintenance intervals and large spare parts inventory should be 
used to ensure availability of equipment but to do so can be very costly. 
 
3.3 Proposed Methodology and Contribution 
This dissertation aims to develop a new prognostic algorithm method that will 
allow the prediction of the time when plant machinery will fail. This will enable better 
maintenance planning and decision making. The technique is to combine the use of 
operating information such as run time with assessment component condition 
monitoring provided through vibration monitoring based on a set of condition indicators 
(CIs) for machine condition monitoring. These data will be used to determine 
component degradation through operations and discrete events (e.g., stopped and 
started up) on component life. It will then utilize statistical wear rate models based on 
expected operating conditions and condition degradation models for discrete events to 
determine the current health status of the component based on its life curves. Based on 
expected future equipment operations, it will then predict remaining useful life and when 
critical components will require replacement.  
 A case study is presented in Chapter 5 to demonstrate developed prognostic 
algorithms. The test case uses a set of bearing data developed by Case Western 
Reserve University (CWRU) in which specific bearing faults were created and data were 
collected at different severity and load levels. The algorithms developed will be general, 
allowing for their application to a wide variety of systems.  The proposed prognostics 
architecture flow process diagram of equipment/component life prediction shown in 
Figure 3.1  
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Figure 3.1 Component Life Prediction Process [68]  
 
 
A brief description of each layer shown in Figure 3.1 equipment/component life 
prediction above is as follows:   
Layer 1: Obtain vibration data from the plant:  Determine the level of fault based 
on condition indicator values (derived from sensor readings).  Using vibration sensors 
(accelerometers, velometers, and proximity probes), the vibrations from plant machinery 
are recorded.   
Layer 2: Process signal data to calculate CI values that correspond with specific 
faults. Signal data processing is then used to determine the values of parameters that 
correlate with specific faults (CIs).   
Layer 3: Determine the level of specific faults using CI. These CIs are used to 
determine the level of progression for specific faults (the position on the life curve for the 
component). 
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Layer 4: Predict life usage using wear rate and discrete event degradation models. 
Use wear rate models and discrete event degradation models to predict future 
component conditions as a function of time.  Two types of models would be created that 
would be used to predict future wear and eventual component failure. Wear rate models 
would predict component degradation per unit of time as a function of operating 
condition. Discrete event degradation models would predict degradation due to events 
such as starting and stopping.  
Layer 5: Predict time to failure for critical components. Predicted equipment operating 
conditions, based on planned operation usage, would be input into the algorithms and 
models to predict when equipment will fail. 
 
3.4 Chapter Summary  
 The capability to monitor plant assets and allow an accurate prediction RUL of 
critical machinery and its components would be enormously beneficial and provided 
improved unscheduled machinery outages, lessen damage, decrease maintenance 
costs due to speedy repair costs of failed components during operation, reduce 
sustainment costs through lowered part inventories, and maximize the availability of 
plant assets. To achieve automatic monitor and detection objectives, it is crucial to 
establish early fault detection and to develop a system for automatic fault detection to 
continuously improve machine performance and extend machine life. A prognostics 
algorithm method was proposed and developed to predict the remaining life of plant 
components. This method utilizes both machinery current health status results through 
CI trending, and statistical indication results from previous life curves to predict time-to-
failure. The component useful life prediction algorithm is meant can be used for a 
variety of different components, including motors, gearboxes, valves, and electrical 
components. When applying the algorithm to different types of components, only the 
CIs used would vary.     
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CHAPTER FOUR  
PROGNOSTIC ALGORITHM WITH CONDITION INDICATORS (CI) 
 
 
4.1 Introduction  
Accurate prognostics are the holy grail of maintenance planning [70]. The ability 
to predict with great accuracy when something is going to fail allows maintenance 
personnel to perform tasks such as ordering parts just in time instead of having a large 
inventory of costly replacement parts and allows them to determine useful life times for 
maintenance scheduling. The proposed technique was to build a prognostic algorithm 
model by combining the usage and machine health state in order to perform 
prognostics. To start off, the use history of a machine and statistics of how it has been 
used are recorded, followed by the use of condition indicators (CIs) to identify the 
current machine health of component. 
A key step in prognostics is to analyze the collected prognostic data. Typically, 
raw data collected from monitoring devices are initially processed and transformed into 
some useful data, often referred to as CIs of the equipment.  There is often more than 
one type of CI. Each type is for a specific attribute of equipment health condition. CIs 
are often time series because they are continuously collected and transformed from 
automated devices and online data monitoring systems. The main contribution of this 
dissertation is the development of a prognostic algorithm that extracts the equipment’s 
current health condition, converts information from the collected data, and incorporates 
available asset information such as actual asset health and condition measurement (as 
derived through CIs), operating condition (i.e. load, environment stresses, etc.), and 
failure event data (i.e., suspended and/or observed, turned on/off) to detect incipient 
faults and predict RUL. 
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Figure 4.1 Prognostic Algorithm Architecture  
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Figure 4.1 illustrates the architecture of the prognostic algorithm presented in this 
dissertation, which consists of two major components: Map Maker and Life Usage 
Predictor. The algorithm approach can potentially be utilized to predict premature 
machine failures, thus preventing costly unplanned downtime, enhance reliability, 
maintenance scheduling or replacement decisions, enable information management, 
enable autonomic logistics, and consequently reduce life cycle costs. The Map Maker 
model studies CI behavior as a function of component health.  A “map” is a record of CI 
behaviors versus the amount of component life used, i.e., what the signposts are and 
where they are located on the life curve. Components can have multiple maps for each 
component, each corresponding to a different fault. The Life Usage Predictor model 
uses created maps to predict future machine condition and RUL under given expected 
future operations. The Life Usage Predictor model has two components, a run time 
model and an event model. These models relate the amount of time that has run on the 
machine under different conditions and different events (e.g., start and stop) to the 
amount of life used regarding how far the damage begets damage on the life curve.  
The framework presented in Figure 4.1 is expected to improve prognostics 
practice by using more statistical tools and incorporating current health state. An 
important assumption for this framework is that CI behaviors repeat with the following 
characteristics: changes in slope, thresholds, and jumps in value. 
 
4.2 Chapter Roadmap 
The remainder of this chapter will be organized as follows. CIs will be explained 
in Subsection 4.3. Subsection 4.4 will discuss the statistical features calculation. 
Subsection 4.5 will provide comprehensive details of different classes and types of fault 
indications and also the fault classes that are measured in this dissertation. Subsection 
4.6 will give details about signposts and how their sequential order behaviors can be 
used to determine fault positions on a life curve. Subsection 4.7 will introduce the “map.” 
Subsections 4.8 and 4.9 will present the Map Maker Model and Life Usage Predictor 
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Wear Models, respectively, with prediction RULs and both run time and discrete event 
models. 
4.3 Condition Indicators 
As the global market for electronic machine technology continuously grows, 
maintenance strategies are evolving from schedule-based maintenance to condition-
based maintenance. Scientists, researchers, and engineers are specializing in 
condition-based monitoring techniques designed and utilized to monitor and track the 
health status of assets of interest [71]. Therefore, in order to maintain machines and 
their components efficiently, failure modes and degrees of damage should be assessed. 
To accomplish this, CIs or features are developed from sensor information collected 
through online data collection and health monitoring. These features can be used to 
determine the type of failure, when the failure is likely present, and the degree of the 
failure-induced damage [73]. 
Once CIs are located on the life curve, and a set of CIs are created and collected 
over time, diagnosis of system states using those Cis are used to further estimate the 
RUL of a machine or component. CIs can be extracted from various signal sources, 
including traditional vibration-based signals from accelerometers and signals collected 
from SCADA systems. Vecer et al., (2005) summarized a comprehensive selection of 
CIs for gears along with some typical vibration signal analysis algorithms. Vibration-
based monitoring techniques are capable of detecting component fault features (CIs) 
with high-speed components such as rotating machinery.  
Rolling element bearings are a common component in rotating machinery, so 
they have received great attention in the field of condition monitoring [72]. Several 
techniques have been used to measure and analyze the vibration response of bearing 
defects.  
With current equipment health monitoring, statistical features are often extracted 
from the analyzed signals. Signal data and a CI calculation diagram are shown in Figure 
4.2, and statistic features mathematical equations are shown in subsection 4.4. 
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Figure 4.2 Signal data and Condition Indicator Calculation Diagram  
 
 
Common statistics are root mean square (RMS), peak-to-peak, crest factor (CF), 
kurtosis and skew [79-85]. In general, statistical features are designed to describe the 
result of a specific vibration signal analysis algorithm [82]. The statistical features 
extracted from these algorithms are called CIs. The mathematical equations for 
common statistical features such as Root Mean Squared (RMS), Crest Factor (CF), 
Kurtosis and Skew are shown in the following subsection. But this dissertation will only 
use such as RMS and CF to validate prognostic algorithms and demonstrate them in 
the test case.    
 
4.4 Statistical Features Calculation 
A set of CIs were calculated for each of the datasets from CWRU and an 
assessment was done of the aforementioned common statistical features to bring out 
measured condition indicator values. To determine the suitability of the selected CIs and 
other information, trending is needed to choose proper CIs for use in the prognostic 
algorithm. The challenge is to determine which CIs can detect faults early, which CIs 
can be used to track faults as they progress, and what CIs are affected by the 
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operational and load level. Mathematical equations of statistical features are discussed 
in the following subsections. 
4.4.1 Root Mean Square (RMS) 
RMS is used to describe the energy of the signal and to evaluate the overall 
condition of the components. Therefore, it is not very sensitive to incipient fault, but is 
used to track general fault progression (Vecer et al., 2005). An indicator of overall 
vibration level, the RMS can be used to detect damage in bearings because an increase 
in the RMS, particularly in later damage stages, correlates to an increase in bearing 
damage. The RMS for a dataset is calculated using Eq. (1): 
 
N
2
i
i=1
1
RMS= (S )
N
        (1) 
 
Here RMS is the root mean square value of dataset s 
iS  is the i-th member of points in dataset s. 
N is the number of data points in dataset s. 
4.4.2 Skew 
Skew can be used to detect one-sided vibrations, such as when a vibrating part 
is striking an obstacle in one direction. The skew is zero for a time series with an equal 
number of large and small amplitude values.  When positively skewed (right tailed), a 
time series has many small values and few large values. Negatively skewed (left tailed) 
with time series has many large values and few small values. Equation Eq. (2) 
calculates the Skew of a dataset (Vecer et al., 2005). 
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N is the number of points in the history of signal s 
iS  is the i-th point in the time history of signal s 
__
S  is the mean of signal s 
4.4.3 Kurtosis 
Kurtosis is a measure of the relative peakedness or flatness of the distribution 
and is compared to the normal operating state. A distribution that has kurtosis less than 
3 is relatively flat. A kurtosis value of 3 corresponds to a perfect sine wave. (Often, 
kurtosis is offset by -3 such that a value of 0 is the normal operating value.) A time 
series with relatively sharp peaks has kurtosis significantly greater than 3 and usually 
indicates damage or wear on components. Kurtosis is also used as an indicator of major 
peaks in a set of data. As a gear or bearing wears and breaks, kurtosis may signal an 
error due to an increased level of vibration [82]. The main disadvantage in using 
kurtosis is that while it increases during initial fault onset, when damage becomes more 
severe and overall vibration levels increase it tends to drop off [83]. Equation (3) 
calculates kurtosis of a dataset (Vecer et al, 2005).  
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4.4.4 Crest Factor 
Crest factor is used for detecting early damage. Although crest factor is not 
considered a sensitive indicator, it works well in detecting small surface defects that 
lead to larger defects [83, 85]. Crest factor is the ratio of the peak-to-peak level to the 
RMS level of the raw vibration signal, which normally gives a value between 2 and 6. A 
crest factor with value over 6 often indicates possible machine failures. Crest Factor can 
be used to indicate faults in an early stage to detect changes in signal pattern due to 
impulsive vibration. It is particularly useful in identifying bearing damage [85]. Though 
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crest factor has some advantages over RMS, it is not considered a sensitive technique 
[84]. Equation (4) can be used to calculate Crest Factor: 
 
Peak PeakS
Crest Factor
RMS

        (4) 
 
Peak PeakS  is the single side peak of the signal 
RMS is the root mean square value of the vibration signal 
 
4.5 Fault Indication 
Fault indication involves specific characteristics of CIs, either individually or in 
combination, which can be used to determine whether a specific point indicating a fault 
has been reached. As a new component proceeds to certain points on its life curve, it 
can be assumed that the characteristics will be fundamentally the same.  A signpost is a 
combination of these characteristics, and a waypoint is defined as the designated point 
on the life curve. When indicated by the sign posts, specific waypoints are reached, and 
the position along the life curve is known precisely.  The position on the life curve can be 
estimated, but cannot be known exactly, when a component’s indicators are between 
signposts.  
4.5.1 Types of Fault Characteristics 
There are three main types of fault characteristics presented in this dissertation (Dr. 
Joseph M. Sheeley, Technology Branch, Aerospace Testing Alliance, Arnold AFB, TN 
37389-9013, Personal communication, “Prognostics by Sign Posts”, 2015) 
 
A. Type 1 – Proportional Levels:  In this type of fault characteristic, the level of a CI 
is proportional to its position on the life curve. In other words, the CI increases (or 
decreases) by a specific amount that is proportional to the movement along the 
life curve. 
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B. Type 2 – Levels: In this type of fault characteristic, when a CI crosses above or 
below a specified level (e.g., CI1 > 0.3), it may indicate an upcoming fault.  
 
C. Type 3 – Trend changes/Slope level (Change CI/ Change Time): In this type of 
fault characteristic, a CI trend changes.  For example, when a CI starts to 
increase or decrease after being flat, the change rate may indicate an upcoming 
fault. 
4.5.2 Fault Classes 
There are a number of frequent faults for a mechanical system, but this 
dissertation only focuses on the following three common fault classes that maintenance 
personnel are faced with: wear knocks, looseness, and break. 
 
A. First Class of Faults: Wear/cracks 
Examples: bearing wear, gear tooth wear, seal wear, shaft wear. (James Aaron 
Hill, Maintenance/Electrical Technician, Albea Inc. Personal communication, 
April, 2015) 
Fault Characteristics: 
i. Deterioration starts at some point due to random defect development. 
ii. Deterioration grows with time.  
iii. Initial fault affects component operations, which causes more damage. 
iv. End of life is based on performance degradation or risk of critical failure. 
Characteristics of an ideal CI 
i. Remains constant until initial fault develops. 
ii. Can detect the start of fault at early stages. 
iii. Increases or decreases in proportion to fault severity; and 
iv. Is not affected by operating conditions of other faults. 
Methods to determine a suitable CI 
i. An analyst reviews CI traces to identify those that show change early in 
life and grow with fault severity. 
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ii. Use CI to screen out (determine) the elevation in fault level by using 
special filters. 
 
B. Second Class of Faults: Looseness 
Examples: linkage, machine feet, loose components, poor mounting, poor base 
support, warping, misalignment, steering in gear boxes. Loose movement of one 
component may cause loose movement of adjoining components. A malfunction 
is typified by loud knocks. (James Aaron Hill, Maintenance/Electrical Technician, 
Albea Inc. Personal communication, April, 2015). 
Fault Characteristics: 
i. Starts or soon immediately after a maintenance event or system condition 
event. 
ii. Structural looseness may increase vibration and grow with time. 
iii. Initial fault can affect component operations, which causes more damage. 
iv. End of life is based on performance degradation or risk of critical failure. 
Characteristics of an ideal CI 
i. Remains constant until initial fault develops. 
ii. Can detect the start of a fault at early stages. 
iii. Increases or decreases in proportion to fault severity. 
iv. Is affected by operating conditions of other faults. 
Methods to determine a suitable CI 
i. An analyst reviews CI traces to identify those that show change early in 
life and grow with fault severity. 
ii. Misalignment can induce lagging/hysteresis in the machine imbalance and 
cause vibration. It is possible to use CI to screen out (determine) the 
elevation in fault level by using special filters. 
 
C. Third Class of Faults: Break 
Examples: broken gear tooth, broken tooth, chipped tooth, eccentricity, etc. For 
instance, a disruption in the airflow of a gas turbine engine can cause internal 
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component deterioration and cracks. The crack will continue growing under 
repeated loading. If the crack is large enough, it can cause sudden fracture 
failure of a component. (James Aaron Hill, Maintenance/Electrical Technician, 
Albea Inc. Personal communication, April, 2015) 
Fault Characteristics: 
i. Starts with an overload. Failures are caused by overstressing and 
exceeding force limits. 
ii. Usually happens suddenly/quickly and can drastically affect operations 
and cause more damage to other components. 
iii. If a slight overload is the cause, the initial force may have been applied 
over time before the final failure occurs. 
Characteristics of an ideal CI 
An ideal CI to indicate breaks needs to consider the following situations. 
i. The initial fault could develop constantly over a long period of time, 
followed by a sudden and often catastrophic failure. 
ii. The initial fault could develop irregularly over a period of time, followed by 
a sudden and often catastrophic failure. 
iii. A catastrophic failure may just suddenly occur. For example, when a load 
is suddenly accelerated or decelerated, a blade with no any deterioration 
could be broken immediately.  
iv. The fault may be affected by the operating conditions that cause other 
faults. 
Methods to determine a suitable CI 
i. An analyst reviews CI traces to identify those that show change early in 
life and grow with fault severity. 
ii. CI increases as the severity of the fault accelerated or decelerated 
progresses suddenly. 
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4.6 What is a Signpost? 
Signposts are features or specific characteristics in CIs, either individually or in 
combination, that repeat during each life cycle. Fundamentally, it is assumed that these 
characteristic features will be the same each time a new component proceeds to certain 
points on its life curve. A combination of characteristics is designated as a signpost, and 
each of signpost on the life curve is designated as a waypoint. When these waypoints 
are reached, as indicated by the signposts, the position along the life curve is 
essentially known.  The position on the life curve and between sign posts can be 
estimated, but not exactly identified. (Dr. Joseph M. Sheeley, Technology Branch, 
Aerospace Testing Alliance, Arnold AFB, TN 37389-9013, Personal communication, 
“Prognostics by Sign Posts”, 2015).    
Signposts may be viewed from CI traces and can be controlled as an absolute 
level or as a relative CI level (i.e., when CI level is double, may be based on industry 
standard), or could be change in slope as what focus in this research study. Slope 
changes (increases or decreases) in CIs may indicate damage. For example, a CI that 
increases steadily with the change of the level of condition indicator as a machine part 
wears out will indicate how much damage has been done. However, after the CI has 
passed the no-fault zone and sometime later random fault events occur, the health of 
the component will start to deteriorate and the CI will start to increase more rapidly. At 
some point the fault will begin to affect machine operating conditions so that the CI will 
switch from one behavior to another. Knowing the characteristics information of CIs 
provides an idea of how far along a component has been on its life curve, and this 
knowledge can be used to determine where the fault can be impeded and whether a 
replacement is needed.  
4.6.1 Sequential Order Behavior of Signposts 
Typically, signposts occur in a specific sequential order, but they are usually 
independent from each other. This means that signpost 2 would not happen before sign 
post 1, signpost 3 would not be expected before signpost 2, etc. Once a specific 
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signpost is identified by the prognostic algorithm, then one can attempt to identify the 
next signpost until the target signpost has been found.  
4.6.2 Determine Position on Life Curve Based on Signposts 
The exact location of a fault on a component’s life curve is known when the 
targeted signpost has been found. The life curve prediction is then updated to the 
corresponding waypoint correlating to that signpost.  For points between signposts, a 
model is necessary to estimate the progress from the first waypoint to the second 
waypoint. Various models such as Weibull analysis may be used to predict the distance 
(in life time usage) between waypoints in the running state. The progression between 
waypoints may be advanced by different running states, and discrete events may cause 
a jump in movement between waypoints.  In future applications, models that allocate 
specific amounts of life time usage will be developed and used to estimate the distance 
traveled between waypoints [74]. 
4.6.3 Life Units 
Life units are proportional to run time only if a machine is running at a 
continuously steady load. However, certain frequent events such as start-ups and 
shutdowns, different load levels, and varied running conditions may cause faster life 
usage and wear. For these reasons, life units are not necessarily equal to run times. 
Furthermore, idle time may also use up the life units of a machine.  
4.7 What is a Map? 
A “map” is combination of run time history with CI features in order to give an 
idea of where components are on the life curve. It is record of CI behaviors versus the 
amount of component life used; in other words, a map is about what the signposts are 
and where they are located on the life curve. A map is built up over a number of 
component lifetimes. There can be multiple maps for each component, each 
corresponding to a different fault. Figure 4.3 shows map characteristics. 
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Figure 4.3 Trending of a Map [70]  
 
 
Summary map characteristic as follows: 
 A record of CI behavior versus the amount of component life used; i.e., what the 
signposts are and where they are located.  
 Built up over a number of component lifetimes. 
 Multiple maps for each component that corresponding to each different fault. 
4.8 Map Maker Model 
For making the map, we start out with several different sets of CIs tracing for one 
life cycle of a machine (baseline life cycle). The first step is to choose CIs suitable for 
the map out of many different CIs. Some CIs and features are good, but others may not 
be good. Therefore, a sort algorithm or method is needed to perform the step of ranking 
all CIs. We then need to go through CIs to find transition points for signposts that 
indicate each life cycle period. Different signposts may be used for different life stages, 
such as beginning of life, middle life, and end of life. As a final step, the map will be 
updated to adjust points accordingly where signposts are located for the current life 
curve versus the life curve that was previously on the map. 
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Figure 4.4 Map Maker Model  
 
4.8.1 Identification of Suitable Degradation CI Parameters 
Typically damage levels are unknown; but they can be sensed it from diagnostic 
data through filtering and signal processing to reduce data and bring out damage 
features by calculating and tracking CI features. Good characteristics of CIs should: 
 Increase or decrease in proportion to damage level. 
 Not be overwhelmed by noise and unrelated events. 
 Be caused by one fault. 
 
A. Expert Analyst to Select Best CIs 
 
Commonly, identification of a prognostics parameter (CIs) is done by expert 
analysts through visual inspection of available data and manual process as based on 
physics-based knowledge of the degradation mechanisms [78]. To reduce the number 
of datasets that the analyst must process manually, an expert opinion is still required to 
make the decision on whether maintenance is required, but the system should be able 
to at least detect changes in the system, perform standard data reduction calculations 
as shown in Figure 4.5, and provide visualization of desired parameters to facilitate 
analysis. The effort needed to identify appropriate CIs manually is time consuming, 
tedious, and costly, but if the analysis process is automated, then future faults can be 
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detected through online monitoring before a catastrophic failure manifests. As a result, 
an automated approach to identify degradation parameters (CIs) is very important to 
optimize the process. 
 
B. Through Shape Fitting 
 
Automate pre-define particular shapes of interest and calculation for each 
characteristic of related data i.e. wear/cracks, loosen, break, etc.… selection of best CIs 
in chosen for different life curve shapes still required of an expert opinion and then 
archive collection of these component life curve shapes in a shape library or database 
for later usage. The list of candidate CIs would be built up over a period of time using 
industry knowledge and experimentation by the analyst to determine which best shape 
fitting based on CI traces for each different component life monitoring. 
 
C. Algorithm of Tracking CI Traces 
 
There are many sophisticated configurations and algorithms proposed to find the 
best CIs to fit certain characteristics such as those involving multiple CIs. In this 
dissertation, we use prognostic algorithms developed as pattern recognition techniques 
to link values of CIs with specific component health states. A test case study 
demonstrated in Chapter 5 used CWRU bearing data to validate the prognostic 
algorithm developed in this dissertation. 
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Figure 4.5 Three Methods of Identification of Suitable CIs  
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4.8.2 Identify Transition Points (Signposts) 
Identification of transition points from signpost 1 to signpost 2, signpost 3 etc. 
shown in Figure 4.6, is based on different type of characteristics faults mentioned in 
previous section 4.5.1. However, the scope of this dissertation (shown in Figure 4.7) will 
be concentrated on the method of changing slopes and specifying the tolerances, the 
shapes, and locations of CI features on the life curve.  
 
 
Figure 4.6 Identifying Transition Points (Signposts) [70]  
 
 
What exactly life curve? Machine or component life curve go from 0% to 100% use and 
damage levels actual are unknown and only the amount of use can be determined. It is 
starting with no fault, but at some point, by some random event of fault occur and 
condition indicator is needed to determine when fault started and have passed the no-
fault amount life usage and a fault is now in the machinery. Because a fault has started, 
more damage to this component and CI increase more rapidly and at some point the 
fault start affect machinery operating condition as shown in Figure 4.7 
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Figure 4.7 Life Curves [70] – Life Unit Used 
(Note: Life Units Used Not necessarily equal to runtime)   
 
Note on Figure 4.7 the X axis is life unit (not run time). We denote as life unit and 
definition is arbitrary, it could be how many run hour remaining. If a machine runs under 
normal condition it can be determined how many remaining, etc. but if run in much more 
severe condition, then it could be use up the run hour faster than clock hours. So it is 
only proportion to run time if machine run with steady state load due to certain running 
condition triggered deterioration faster i.e., event startup and shutdown that life unit will 
be used up faster and even though machine just sit idle it may still use up life usage. 
For example, a bearing sit on the shelf for 5 years, it develop fault just from sit on the 
shelf.  
Figure 4.8 flowchart show the process of identifying transition points (signposts) 
developed using type 3 trend change slope levels with specified tolerances to determine 
the shapes and locations of CI features on the life curve. The flowchart steps are as 
follows:  
1 – Read CIs data set (all CIs traces for one life cycle) 
2 – Specify and set absolute tolerance value 
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3 – Calculate CIs change slope 
1
1
, 1,2,3....


   
 
i i
i i
y ydy y
Slope i
dx x x x
     (5) 
4 – Is CI slope change greater than set tolerance value? 
 4a) Yes -> Mark signpost (transition points) 
 4b) No  -> Check to see if all CIs have processed? 
4b1) – yes -> Record transition points  
 4b2) – No  -> go to step 3 
 
 
Calculate 
Δ Slope 
Set absolute 
tolerant value 
ΔSlope > Tolerant
And
ΔCIs > Threadhold
CIs Data Set 
All CI Traces 
for one life 
cycle
No
Yes
No
Yes
Record 
Transition 
Points
Calculate
Δ CIs 
Mark Signposts 
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EOF
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Figure 4.8 Change in Slopes and Absolute Value (Tolerance/Threshold)  
 
4.8.3 Updating the Map 
In building the map, often a few life cycles of a component, the average life 
curves under different operating conditions can be determined and used to predict when 
the component will fail.  
The following steps are performed to update a map: 
1) Identify signposts and record life units used between signposts to create the 
initial map. 
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2) As additional data are obtained, adjust the distance between signposts and CI 
levels (or delta levels) by using the statistics calculation in Section 4.8.4 to 
calculate the average signpost location and update map (Figure 4.9), and then 
calculate the confidence interval at each signpost. 
3) Use these new data and the state of the machinery to predict RUL. 
 
Life Units Used
C
I 
L
ev
el
 
Figure 4.9 Updating the Map [70]  
 
4.8.4 Statistics Calculation 
A. Sample mean ( ) 
For a sample with 𝑁 observations, the calculation is as follows: 
 
      

 

N
i
i 1
N      (6) 
Here, 𝑥𝑖 is the 𝑖
th observation.  
 
B.  Standard Deviation Formula 
 
      

 


N
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i
i 1
1
( )
N 1
    (7) 
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C.  Statistical variance 
 
Statistical variance gives a measure of how the data distributes itself about the 
mean or expected value, and is calculated as follows: 
 
    
 
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

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
N
i
iS
N
2
2 1
( )
1
     (8) 
 
D. Standard z-score  
 
Z
 


       (9) 
 
A standard score (a z-score) indicates how far a sample mean (
__
 ) is from a 
population mean (  ) regarding the population standard deviations (𝜎) if the 
population follows a normal distribution.  
 
E. Confidence Interval Calculation 
 
The values of t to be used in a confidence interval can be looked up in a table of 
the 𝑡 distribution if the population does not follow a normal distribution and the 
sample size is not very large. A small version of such a table is shown in Table 1. 
The first column, df, stands for degrees of freedom (df), and for confidence 
intervals on the mean, df is equal to 𝑁 –  1. 
The first step for doing a confidence interval calculation is to compute the sample 
mean and variance. The next step is to estimate the standard error of the mean. 
If the population variance is known, the following formula can be used:  
 

 M
N
     (10) 
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Table 4.1 Abbreviated t table  
 
df 0.95 0.99 
2 4.303 9.925 
3 3.182 5.841 
4 2.776 4.604 
5 2.571 4.032 
8 2.306 3.355 
10 2.228 3.169 
20 2.086 2.845 
50 2.009 2.678 
100 1.984 2.626 
 
 
If the population variance is unknown, the estimated mean from the 
sample, S must be used to compute an estimate of the standard error 
(sM): 
   M
S
S
N
      (11) 
 
The next step is to find the value of t.  
Lower limit = Mean - (t) (to estimate the standard error of the mean).  
Upper limit = Mean - (t) (to estimate the standard error of the mean) 
4.9 Life Usage Predictor – Wear Model 
The technique determines current component condition based on a set of CIs, 
and then utilizes statistical wear rate models and expected operating conditions to 
predict when critical components will require replacement. The life usage predictor 
model uses created maps to predict future machinery conditions and RULs under given 
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expected future operations. The life usage predictor model has two components, a run 
time model and an event model. These are models that relate the amount of time that 
has run on the machine under different conditions and events (e.g., start and stop) to 
the amount of life used by the machine on its life curve. A separate set of wear models 
would be developed for each component that is to be monitored.  Given that both 
operating a machine and discreet events such as a start-up can cause component 
wear. 
4.9.1 Predicting Remaining Useful Life (RUL) 
The total life used for a given component is the sum of life uses due to operations and 
life used due to those events: 
 Total LifeUsed LifeUsed LifeUsed
rt ev
    (12) 
Life units are used by both operation and discrete events 
Where  Life Used
rt
   =    Operation Runtime 
LifeUsed
ev
 Number of Events 
4.9.2 Run time Models 
The runtime wear model is just the amount of time spent operating times some constant 
wear factor that would have units of wear (or life units used) per unit time: 
 
 LifeUsed ( Run Time )(Wear Factor )rt     (13) 
 ( )( )
1
  ijRT LU RT m  
Where  
LU   =   Life Used 
RT   =   Run time 
  m     = Wear Factor 
 57 
 
4.9.3 Discrete Event Models  
Likewise, the discreet even wear model is just the number of those events times a wear 
factor that is the amount of wear (or life units used) per event:  
 
(# )( )Life Used Events Event Wear Factor
ev
   (14) 
 
1(#EV)(k )1
 EV LU  
Where, Signpost seen; CI level (relative) 
LU  =   Life Used 
EV  =   Number of Events 
k     =   Wear Factor 
 
The technique will utilize pre-knowledge of plant operating conditions to improve 
predictions of when failures will occur.  This will be done by determining progressions 
up the life curve under specific operating conditions, i.e., determining the rate of change 
in position on the operating curve as a function of operating time.  It is also expected 
that specific discrete events will shorten the life of components. Models will be 
developed to predict the lessening in component life that each time a particular discrete 
event occurs.  Chapter 5 will demonstrate this process of developing a life curve for a 
given component, which provides an expected trend for a given CI from the beginning of 
a new component’s life until its failure.  A hypothetical example of a life curve is 
provided in Figure 4.10(a).  This life curve assumes a CI that is well correlated with 
different levels of severity of the fault such that the CI increases as the fault severity 
progresses.  Please note that with real data, different levels of faults are generally 
unknown, so such CIs are different to find.  CWRU has provided different severity levels 
of certain faults [16]. 
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4.10 Chapter Summary 
Pre-knowledge of plant operating conditions helps in developing predictions for 
when failures will occur. Detection of abnormal wear enables maintenance personnel 
discover and possibly eliminate the external conditions leading to premature wear, plan 
for maintenance and repairs, and reduce the chances of equipment failure during 
operation.   
The goal of the development of an RUL algorithm is to determine current 
component conditions based on a set of CIs, then utilize statistical wear rate models 
based on expected operating conditions and condition degradation models for discrete 
events to predict when critical components will require replacement. The algorithms 
developed will be general, allowing for application to a wide variety of systems. These 
algorithms will be utilized to develop prognostic tools to enable preventive maintenance 
and replacement scheduling based on predicted failure time.  
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CHAPTER FIVE  
CASE STUDY 
 
 
5.1 Introduction and Case Study Description 
Bearings are one of the most important components in rotating machinery [71] 
and a prime reason for equipment breakdown [72].  Failures caused by bearings are a 
critical problem that can lead to enormous economic losses, as well as potentially 
severe casualties [73]. For this reason, bearing fault prognosis proficiency has received 
more and more attention in recent years, in particular, fault feature extraction from 
bearing sensor signals.  
Research and development has led to numerous diagnostic algorithms designed 
to determine the health of a rolling bearing and predict its remaining life.   Because data 
are needed to validate these algorithms, the Case Western Reserve University (CWRU) 
Bearing Data Center [16] has developed an experimental dataset that has been 
validated in research and has become a standard  reference dataset used to test these 
algorithms in the bearing diagnostic and prognostic field [72, 74, 75, 80, 88].  This 
dataset was used to develop a test case to demonstrate the prognostic algorithm 
developed in this dissertation.  
Details of how the CWRU dataset is used to develop a test case are given in the 
next section. The CWRU test rig design and how the data were generated is then 
presented in Section 5.2. Section 5.3 provides details of how to process CWRU data to 
select the most suitable CIs for the test case. Section 5.4 presents the dataset 
generated for plant implementation simulation through each stage of the Map Maker 
process. Section 5.5 presents the life usage predictor that uses the map created to 
predict the RUL. 
There are two major components in the newly developed prognostic algorithm 
from Chapter 4 as shown in Figure 4.1. One is called Map Maker, which records 
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behavior information, features of condition indicators, and the amount of time between 
consecutive features. It also gives the current position of a bearing’s life curve, which 
gives an indication of the current health state of the machinery being monitored. The 
other component is the life usage predictor which uses the map created to predict the 
RUL. 
5.2 Data from CWRU [16] 
The CWRU dataset is used to generate realistic CI trends as a function of 
bearing wear and of what is needed to demonstrate and validate the prognostic 
algorithm that was developed. A picture of the test rig is shown in Figure 5.1 with 
collected seeded bearing fault data from a test rig. 
The test rig consists of a motor with two bearings and a dynamo that allows the 
load to be adjusted.  There are accelerometers on two of the bearings, labeled DE 
(Drive End) and FE (Fan End), and data from these accelerometers were recorded with 
different sized faults created on each of the bearings.  During testing, bearings with 
different faults and severities were run at different load levels.  Motor bearing faults 
were made by electro-discharge machining (EDM) defects into the bearing components. 
Faults with diameters of 0.007-0.040 inches were located in the bearing ball, inner 
raceway, or outer raceway in different tests. Figure 5.1 and Figure 5.2 provide a 
photograph and schematic diagram of the CWRU bearing data test rig, respectively. 
The CWRU  test stand consists of a 2 hp motor (left), a torque transducer/encoder 
(center), a dynamometer (right), and control electronics (not shown). The dynamometer 
was used to change the load on the motor.  The bearings under test are the drive end 
and fan end bearings that support the motor shaft. Single-point faults were introduced to 
the test bearings using electro-discharge machining with fault diameters of 7, 14, 21, 28, 
and 40 mils (1 mil = 0.001 inches). This provides an excellent data source for evaluating 
bearing diagnostic algorithms and CIs.  
The dataset contains seeded bearing fault data from the test rig run at different 
load levels with different faults and severities. The dataset includes pits at depths of 
0.0000 (normal data), 0.0007, 0.0014, 0.0021, and 0.0028 inches with runs at loads of 
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0, 1, 2, and 3 hp.  The defect frequencies for each of the faults based on the bearing 
geometry are provided and are shown in Table 5.1 [16]. Table 5.2 [16], Table 5.3 [16], 
and Table 5.4 [16] provide the diameter and depth indication of different bearing faults. 
The data were collected by vibration sensors, which were placed with magnetic bases 
at the 12 o’clock position at the motor drive-end and fan-end. The data of motor speed 
(from 1,797 to 1,720 rpm) and motor loads (from 0 to 3 hp) were collected by torque 
transducer and recorded manually. Details on how these datasets were utilized are 
given in Table 5.4 [16]. More information on the fault bearing data is listed in the 
Appendix A: Additional Tables and Figures. 
 
Table 5.1 Defect frequencies: (multiple of running speed in Hz) [16] 
Type Inner Ring Outer Ring Cage Train Rolling Element 
Drive-end 5.4152 3.5848 0.39828 4.7135 
Fan-end 4.9469 3.0530 0.3817 3.9874 
 
Table 5.2 Drive-end bearing-fault specifications (1 mil = 0.001 inches) [16]  
Location Inner Raceway Outer Raceway Ball 
Diameter 7 14 21 28 7 14 21 40 7 14 21 28 
Depth 11 11 11 50 11 11 11 50 11 11 11 150 
 
Table 5.3 Fan-end bearing-fault specifications (1 mil = 0.001 inches) [16]  
Location Inner Raceway Outer Raceway Ball 
Diameter 7 14 21 28 7 14 21 40 7 14 21 28 
Depth 11 11 11 50 11 11 11 50 11 11 11 150 
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Table 5.4 Normal baseline data [16]  
Motor Load (HP) Approx. Motor Speed (rpm)  
0 1,797 Normal_0 
1 1,772 Normal_1 
2 1,750 Normal_2 
3 1,730 Normal_3 
 
 
 
Figure 5.1 CWRU Bearing Data Test Rig [16] 
 
 
Figure 5.2 Schematic Diagram of Test Rig [81] 
2HP Motor Torque Transducer Dynamometer 
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5.3 Analysis of CWRU Data [16] 
The five Cis (Root Mean Square (RMS), Skew, Crest Factor (CF), Kurtosis, and 
250 Hz Energy) that defined in Section 4.4 were calculated for each of the datasets. 
These CIs at each load level, plotted in progressively increasing fault levels, are given in 
Figures 5.4 through 5.7.  The CI values themselves are given in Tables 5.5 through 5.8 
for reference. 
In observing the CI values from the 0 hp load case (Figure 5.4), one notes that only the 
crest factor – CF – shows an increase immediately after a fault starts.  The other CIs 
are nonresponsive until the fault reaches 0.028 in level, at which point the RMS level of 
the signal increases, as does the energy around the 250 Hz frequency.  RMS is a 
common CI for baseline condition monitoring, but it appears to give no indication that 
there is an issue until late in life when repair is needed.  CI behavior for higher load 
levels (Figures 5.5 through 5.7) are generally consistent with the no load level results.  
The only exception is that kurtosis also increases in a manner similar to crest factor for 
the 1 hp and 3 hp cases. 
Among the CIs, it appears that CF is the best early indicator that a fault is present and 
that RMS or 250-HZ energy could be used to detect when the fault is more severe and 
the part is nearing failure.  It can be seen that CF increases as the fault depth increases 
from 0.007 to 0.014 inches, but as the fault depth progresses beyond 0.014 inches in 
depth, it decreases.  As previously described, CF is defined as the peak level of the 
vibration signal to its RMS value.  When the fault first develops, it results in a high signal 
peak value as the ball impacts against the fault, but the average vibration level does not 
increase appreciably, so the RMS level stays low; therefore, the CF value is large.  
When the fault gets worse, the peak level stays about the same, but the RMS level 
increases as the area of damage spreads out; therefore CF decreases.  
One question is whether load would need to be included when looking for patterns in 
the CI trends.  For example, could one of the CIs increase simply because the load is 
increased while the machine condition remains the same?  The effect of load on the CI 
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chosen is shown in Figures 5.8 through 5.12, where the value of each CI as a function 
of load level is plotted for each of the fault levels. In no-fault (normal) and small-fault 
cases, (Figures 5.8 and 5.9), no effect on any of the CIs from increases in the load 
levels is seen.  This is promising and indicates that when comparing the CI levels the 
need to monitor the load levels can be reduced when attempting to detect fault 
inception.  As seen in Figures 5.10 through 5.12, CF and 250-Hz energy level changes 
with load for more severe faults. There does not appear to be a trend with load level, 
and there may be some randomness in the data from measurement to measurement for 
these datasets that would account for some of these differences. Load may be a factor 
for greater fault severity, requiring either separate maps to be developed for different 
load levels or for data to be collected and the CI to always be calculated when the 
machine is operating at a specified load level. 
 
Table 5.5 CI calculated for 0 hp load 
0 hp 
Severity RMS 
Standard 
Deviation 
Skew Kurtosis CF 
250-Hz 
Energy 
Normal 0.07325 0.07226 -0.04422 -0.1852 4.081 51.16 
0.007 0.1392 0.1387 -0.008854 -0.01528 4.349 1903 
0.014 0.1527 0.1526 0.2251 14.77 13.89 1291 
0.021 0.1356 0.1339 0.03271 5.549 12.08 1297 
0.028 2.077 2.077 0.05595 0.8715 4.866 26440 
 
Table 5.6 CI calculated for 1 hp load  
1 hp 
Severity RMS 
Standard 
Deviation 
Skew Kurtosis CF 
250-Hz 
Energy 
Normal 0.06562 0.06473 0.007453 -0.1164 3.646 54.65 
0.007 0.1391 0.139 0.007453 -0.03625 4.672 1904 
0.014 0.1409 0.1408 0.01565 5.837 9.383 2329 
0.021 0.1291 0.129 -0.006822 6.407 11.19 1539 
0.028 2.03 2.03 0.04784 0.9103 5.361 27730 
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Table 5.7 CI calculated for 2 hp load  
2 hp 
Severity RMS 
Standard 
Deviation 
Skew Kurtosis CF 
250-Hz 
Energy 
Normal 0.06458 0.06325 -0.1918 -0.08388 3.972 50.54 
0.007 0.1473 0.1472 0.02712 -0.1686 3.977 1807 
0.014 0.1435 0.1434 0.1433 6.752 11.24 1426 
0.021 0.1073 0.1072 -0.003859 0.3006 5.483 1176 
0.028 2.146 2.146 0.04279 0.7723 4.745 31410 
 
Table 5.8 CI calculated for 3 hp load 
3 hp 
Severity RMS 
Standard 
Deviation 
Skew Kurtosis CF 
250-Hz 
Energy 
Normal 0.06606 0.06457 -0.1163 -0.02274 4.149 54.55 
0.007 0.1536 0.1536 0.02041 -0.1103 4.53 1818 
0.014 0.1337 0.1336 0.1638 11.86 13.85 1566 
0.021 0.118 0.1179 0.02507 0.1056 4.533 1257 
0.028 2.145 2.145 0.04252 0.8991 4.999 29220 
 
 
 
 
Figure 5.3 CI Values with 0 hp Load  
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Figure 5.4 CI Values with 1 hp Load  
 
 
 
Figure 5.5 CI Values with 2 hp Load  
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Figure 5.6 CI Values with 3 hp Load  
 
The effect of load on CI values is shown in Figure 5.7 through Figure 5.11.  In the no 
fault and small fault cases, Figure 5.7 and Figure 5.8, respectively, there does not 
appear to be any effect on any of the CIs from increases in loads.  This is encouraging 
since it eliminates the need to monitor load level when comparing CI levels, at least 
when attempting to detect fault inception. 
 
Table 5.9 CI Values for Normal Bearings 
Normal 
Load RMS 
Standard 
Deviation 
Skew Kurtosis CF 
250-Hz 
Energy 
0 HP 0.07325 0.07226 -0.04422 -0.1852 4.082 51.16 
1 HP 0.06562 0.06473 -0.19 -0.1164 3.646 54.65 
2 HP 0.06458 0.06325 -0.192 -0.08388 3.972 50.54 
3 HP 0.06606 0.06457 -0.116 -0.02274 4.149 54.55 
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Table 5.10 CI Values for Bearings with 0.007 inches Fault  
0.007 inches 
Load RMS 
Standard 
Deviation 
Skew Kurtosis CF 
250-Hz 
Energy 
0 HP 0.1392 0.1387 -0.008854 -0.01528 4.349 1903 
1 HP 0.1391 0.139 0.007453 -0.03625 4.672 1904 
2 HP 0.1473 0.1472 0.02712 -0.1686 3.977 1807 
3 HP 0.1536 0.1536 0.02041 -0.1103 4.53 1818 
 
 
Table 5.11 CI Values for Bearings with 0.014 inches Fault  
0.014 inches 
Load RMS 
Standard 
Deviation 
Skew Kurtosis CF 
250-Hz 
Energy 
0 HP 0.1527 0.1526 0.2251 14.77 13.89 1291 
1 HP 0.1409 0.1408 0.01565 5.837 9.383 2329 
2 HP 0.1435 0.1434 0.1433 6.752 11.24 1426 
3 HP 0.1337 0.1336 0.1638 11.86 13.85 1566 
 
 
Table 5.12 CI Values for Bearings with 0.021 inches Fault  
0.021 inches 
Load RMS 
Standard 
Deviation 
Skew Kurtosis CF 
250-Hz 
Energy 
0 HP 0.1356 0.1339 0.03271 5.549 12.08 12.97 
1 HP 0.1291 0.129 -0.006822 6.407 11.19 1539 
2 HP 0.1073 0.1072 -0.003859 0.3006 5.483 1176 
3 HP 0.118 0.1179 0.02507 0.1056 4.533 1257 
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Table 5.13 CI Values for Bearings with 0.028 inches Fault  
0.028 in 
Load RMS 
Standard 
Deviation 
Skew Kurtosis CF 
250-Hz 
Energy 
0 HP 2.077 2.077 0.05595 0.8715 4.866 26440 
1 HP 2.03 2.03 0.04784 0.9103 5.361 27730 
2 HP 2.146 2.146 0.04279 0.7723 4.745 31410 
3 HP 2.145 2.145 0.04252 0.8991 4.999 29220 
 
 
 
Figure 5.7 CI Values for Normal Bearings  
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Figure 5.8 CI Values for Bearings with 0.007 inches Fault  
 
 
Figure 5.9 CI Values for Bearings with 0.014 inches Fault  
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Figure 5.10 CI Values for Bearings with 0.021 inches Fault  
 
 
Figure 5.11 CI Values for Bearings with 0.028 inches Fault  
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Based on the analysis of the CWRU datasets in previous section for the trends of 
the CIs chosen at progressively increasing fault levels at each load level, CF and RMS 
are suitable CIs from which to determine and track the condition of the bearing.  These 
will therefore be used to develop the map and features in trend plots CIs and used as 
signposts.  CF appears to be a good indicator at the start of a bearing’s life for detecting 
the begining of a fault since it increases when only a small fault is present.  It becomes 
less useful as the fault severity grows, so a second CI is needed for late life monitoring.  
RMS increases at the end; therefore, it would be a good indicator for when the bearing 
nears endoflife (EOL).  The life curve for the bearing would utilize both of these Cis, with 
signposts in each used  to indicate the position along the life curve, as shown in Figure 
5.13. Here the trends of the CIs are plotted over a typical simulated lifetime, with 
possible signposts indicated by the triangles.  Although 250-Hz energy is another 
possible CI for EOL, it was not used since it did not provide any advantages to RMS 
over EOL monitoring. 
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Figure 5.12 Crest Factor (CF) and Root Mean Square (RMS)  
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5.4 Simulation of Plant Data for Test Case 
 Details of the prognostic algorithm being developed for the prediction of 
remaining life of plant components is provided in this test case. To validate and 
demonstrate the capability of the prognostics algorithm, the CWRU data were used to 
create the data stream needed to validate the prognostic algorithm and to demonstrate 
the function of Map Maker and the life usage predictor.  The CWRU data were used in 
combination with a component wear model to create a realistic set of CI trends.  In this 
approach, the wear model provided the component damage level (depth of the fault) as 
a function of time based on a specified machine usage schedule.  (In all cases tested, 
the machine was run at a constant rate throughout the component lifetime.)  
Interpolation was then used to determine the level of each CI from the known values in 
the tables provided in Section 5.3.  This approach allowed the simulation of a 
component going through its life cycle by providing a value of each CI at any time 
increment desired.   
The process used for the test case is as follows: 
1.  The methods described in Section 4.4 were used to calculate CIs from the 
CWRU datasets. 
2. A wear model was developed where the amount of damage to the bearing 
was related to the amount of usage the bearing had. 
3. A usage model was developed to provide usage (running time, load, and 
events such as starts and stops).  For the cases tested, the machine was run 
at a constant load. 
4. CI trends were generated (CI value as a function of time) using the usage 
model to determine usage as a function of time, the wear model was used to 
determine damage as a function of usage, and interpolation of the CWRU 
data was performed to determine CI value as a function of wear. 
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The fault level and CIs datasets were generated from Table 5.7. CIs calculated for the 2 
hp load with different sets of known variables values and are shown in blue in Table 
5.14 as clock time, run time, number of starts/stops, and test case wear factor. These 
Cis are then used to compute the necessary unknown variables, shown in Yellow in 
Table 5.14, as running wear, starting wear, and total wear, which are then used to 
generate data measures for new component test cases, and interpolate RMS and CF 
are shown in Table 5.14 in green for the prognostics algorithm simulation.  
(1) A wear model consists of total wear, starting wear, and running wear. A wear 
model is calculated as follows: 
Wear factor is calculated as follows and denoted as the letter A: 
A = Constant Set Value + Random Value     (15) 
Constant set value is set to a small arbitrary number for our test case, plus a 
random generated value (in C++) for generating different datasets for our test 
case. A small value for wear factor is set to simulate that a component is 
gradually worn over a long period of time.  
In this test case, constant set value is set to an arbitrary number for our test 
case; starting wear is 0 because the # start variable is also 0 because the 
component was run constantly without stops/starts.  
Starting Wear = # Start * Constant value      (16) 
Running Wear = Runtime * A (wear factor measured in inches/hours) (17) 
Total Wear = Starting Wear + Running Wear     (18) 
(2) A usage model for the cases tested consists of clock time, running time, number 
of stops/starts, and running wear factor. The machine was run at a constant load. 
Therefore, Running Time (m) = Clock Time (m)     (19) 
# Start = Number of machine stops/starts during its life cycle    (20) 
(In our test case # start = 0) 
And finally, interpolated RMS and CF are shown in Table 5.14 as follows: 
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  (21) 
  (22) 
 
Color code in table 5.14 as follows: 
Blue (Usage Model) => Known data,  
Yellow (Wear model) => Unknown data,  
Green (Interpolate CF and RMS) => Interpolate measure data for new machine. 
 
5.5 Algorithm Demonstration 
The algorithms in this dissertation are signal processing algorithms that have 
been shown to be effective. The algorithms are implemented with C++ programming 
language as part of a simulation application. The algorithms are then tested using plant 
data or the generated test data from the CWRU bearing data used in this dissertation. 
This allows the coded algorithms to be studied and verified to determine how the 
algorithms should work and how the critical parameters must be set, and both can be 
assessed for their effectiveness. 
There are two major components in the newly developed prognostic algorithm 
from Chapter 4 as shown in Figure 4.1: Map Maker and the Life Usage Predictor. There 
are also two components in the life usage predictor: the run time model and the event 
model. However, these two components are not within the scope of this dissertation and 
will not be covered in this test case.  
 
With the Map Maker model, the Record of Condition indicator behaves as a 
function of component health, and the life usage predictor uses the map to estimate 
RUL, which gives the expected future operations.  
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Table 5.14  Wear, Usage, Run Time Models, and Interpolated RMS and CF Data 
 
 
  
Clock 
Time (m)
Run 
Time 
(m)
# 
Starts
Running 
wear factor 
(A)
Running 
wear
Starting 
wear
Total 
wear
RMS CF
0 0 0 0 0 0 0 0.06458 3.97200
1 1 0 0 0 0 0 0.06458 3.97200
60 60 0 0 0 0 0 0.06458 3.97200
120 120 0 0 0 0 0 0.06458 3.97200
180 180 0 0.00135 0.00135 0 0.001 0.08053 3.97296
240 240 0 0.00135 0.0027 0 0.003 0.09649 3.97393
300 300 0 0.00135 0.00405 0 0.004 0.11244 3.97489
360 360 0 0.00135 0.0054 0 0.005 0.12839 3.97586
420 420 0 0.00135 0.00675 0 0.007 0.14435 3.97682
480 480 0 0.00135 0.0081 0 0.008 0.14670 5.11833
540 540 0 0.00135 0.00945 0 0.009 0.14597 6.51905
600 600 0 0.00135 0.0108 0 0.011 0.14524 7.91977
660 660 0 0.00135 0.01215 0 0.012 0.14450 9.32049
720 720 0 0.00135 0.0135 0 0.0135 0.14377 10.72121
780 780 0 0.00135 0.0149 0 0.0149 0.13910 10.54094
840 840 0 0.00135 0.0162 0 0.0162 0.13212 9.43066
900 900 0 0.00135 0.0176 0 0.0176 0.12514 8.32038
960 960 0 0.00135 0.0189 0 0.0189 0.11816 7.21010
1020 1020 0 0.00135 0.0203 0 0.0203 0.11118 6.09982
1080 1080 0 0.00135 0.0216 0 0.0216 0.28205 4.68174
1140 1140 0 0.00135 0.0230 0 0.0230 0.67522 5.27741
1200 1200 0 0.00135 0.0243 0 0.0243 1.06840 5.13509
1260 1260 0 0.00135 0.0257 0 0.0257 1.46158 4.99276
1320 1320 0 0.00135 0.0270 0 0.0270 1.85476 4.85043
1380 1380 0 0.00135 0.0284 0 0.0284 2.24794 4.70810
 77 
 
5.4.1 Select Suitable CIs  
Typically, damage levels are unknown; but they can be sensed from diagnostic 
data. Filtering and signal processing to reduce data can bring out damage features 
through calculate-and-track CI features. Good Cis should have the following 
characteristics: 
 Increase or decrease in proportion to damage level 
 Not be overwhelmed by noise and unrelated events 
 Be caused by one fault 
 Have consistent behavior from life cycle to life cycle  
 
 
 
Figure 5.13 CI Values with 2 hp Load 
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Kurtosis has been found to be the best overall indicator for rolling element bearings 
among those reviewed. However, if not much noise or randomness exists in the data, 
then less statically concentrated CI features may be more practical [76]. However, 
based on the verification study in Section 5.3 for the trends of CIs at progressively 
increasing fault levels at each load level, crest factor might be a good indicator at the 
start of a bearing’s life for detecting the beginning of a fault.  RMS increases at the end; 
therefore, it would be a good indicator for providing a signpost of when the bearing 
nears EOL as shown in Figure 5.13. Although at 250 Hz energy is another possible CI 
for EOL, it was not used in this dissertation. For the rest of this chapter, CF and RMS 
will be used to demonstrate the Map Maker and RUL processing steps. 
5.5.2 Find Transition Points (Signposts) 
CF and RMS data in Appendix table A 4 are generated from algorithm 15 through 
22 shown in Table 5.14 and used to generate initial life curve shown Figure 5.14 First 
initial life curve. Figure 5.14, First initial life curve, the axis is runtime and the Y axis is 
CI. At run time 420, CF slope changed and steady increased until run time 780 then 
begin level until 840 then rapidly decreased. RMS on the other hand, is steady flat until 
run time 1140 then it increased.   
 
The first time a component is run through its lifecycle the Map Maker would simply 
record the CI trends. After the life cycle is complete the algorithm would identify 
signposts and record the life units used between signposts to create an initial map.  
From table 5.16 and figure 5.15 Find Transition Points (Signposts) down selected to 10 
signpost based on condition if slope and CI value changed greater than the tolerance 
set. 
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Figure 5.14 First initial life curve 
 
 
 
Table 5.15 New Signpost and information 
SP# Time CF RMS Delta CF Delta 
RMS 
Delta 
Time 
1 0 4.149 0.0661 0 0 0 
2 120 4.149 0.0661 0 0 120 
3 420 4.5017 0.1471 0.3527 0.081 300 
4 480 6.2289 0.1471 1.7272 0 60 
5 540 7.2887 0.1471 1.0598 0 60 
6 750 12.4653 0.1471 5.1766 0 180 
7 810 13.5093 0.1328 1.044 -0.014 60 
8 1110 4.8844 0.1186 -8.6249 -0.014 300 
9 1170 4.6017 0.4168 -0.2827 0.2982 60 
10 1320 4.8605 1.5427 0.2588 1.1259 180 
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Figure 5.15 Signpost 
 
5.5.3 Generate and Update Map 
The signposts become waypoints on the life curve to improve the prediction of RUL then 
fault progression can be verified that has reached a certain state, and then based on 
historical data such as the distance from current waypoint enable to make RUL 
predictions.  As stated, the rate of damage progression between signposts would 
frequently depend on operating conditions.  Discrete events may also cause fast 
increasing in progression between signposts.  The map can be accumulated and, with 
each new life cycle and more trend plots of the chosen CIs are available, the new 
information from the trend plots can be incorporated into the statistics of the database.  
This process is known as “updating the map.”   
 
In application, as data from additional life curves are gained, the algorithm would update 
the map and improve predictions.  For example, after the first life cycle for a component, 
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the map might appear as shown as a dashed line with sign post locations as shown by 
blue triangles in Figure 5.16.  The trends for the two CIs might be as shown as solid 
colored lines and signpost location might be as shown in open red triangles during the 
second life cycle.  In this instance, the location of the signposts in the map would be 
updated, probably as just the average location when there are relatively few datasets 
available.  
CF and RMS data in Appendix table A 5 are generated from algorithm 15 through 22 
shown in Table 5.14 and used to generate second life curve shown Figure 5.17 New 
Life Curves (Second Run) and Figure 5.18 Update Signpost after Second Run. 
 
 
 
Figure 5.16 Updating the Map 
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Figure 5.17 New Life Curves (Second Run) 
 
 
 
Figure 5.18 Update Signpost (Second Run) 
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Figure 5.18 the trends for the two CIs shown as CF old signpost (blue triangle), RMS 
old signpost (diamond green), new CF update signpost (diamond green), for new 
update signpost (square orange) during the second life cycle. In results, the location of 
the signposts in the map would be updated as the average location in particular when 
there are relatively few datasets available. Interpolated data shown in Appendix table 
A5. 
 
5.5 Remaining Useful Life (RUL) 
Now using the information from map previous calculation to predict the life time 
of component. Note that life unit is use by both operation that run in steady state and 
also by discrete event such as shutdown/startup may be run over capacity, so a develop 
wear model which related to the damage done to the life unit use, and also determine 
how fast life unit move to the right on the life curve. In addition, we have 2 type of 
models: run time model which determined amount of wear as function of runtime (i.e., 
so if you run for 5 hours how much wear is done?), and an event model where discrete 
event have caused damage and used up life unit which the number of event time the 
wear factor (the amount of wear occur each of event occur). However, these two models 
are not scope for this study.  
 
Appendix table A6 and A7, an example of predicted RUL used the data from map 
previous calculation to predict how long the life time of component from a current 
signpost to the next signpost and to EOL with plus/minus tolerance.   
 
5.6 Chapter Summary 
Current component conditions can be determined through monitoring of CIs. CIs 
can determine progression up the life curve through specific operating conditions by 
determining the rate of change in position on the operating curve as a function of 
operating time. The development of an improved prognostics algorithm described in this 
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dissertation combines traditional statistical techniques with evaluations of component 
current state conditions and measured run times. Pre-knowledge of plant operating 
conditions are used to develop predictions for when a failure will occur. Ideally a 
prognostic algorithm would allow the prediction of remaining life for machinery 
components based on current operating condition such as increasing load level, stops 
and starts, and estimated wear factor levels in order to predict the time from a signpost 
at the current location to the next signpost and to ROL.  
Such improved detection of abnormal wear can enable maintenance personnel to 
detect and possibly eliminate the causal conditions leading to premature wear, to better 
plan for maintenance and repairs, to order parts and schedule maintenance just-in-time, 
and to reduce the chance of equipment failure during operation.  This would result in 
cost savings since components and machinery could be run for their full useful lives, 
maintenance schedules could be optimized, and, most significant of all, the spare parts 
inventories that must be purchased, maintained, and tracked could be considerably 
reduced. 
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CHAPTER SIX  
CONCLUSIONS AND FUTURE GOALS 
 
 
6.1 Conclusions 
New and emerging technologies will continue to change the plant operation 
community. These technologies offer enormous opportunities for raising productivity 
and improving asset health, but they require an improved capacity for equipment risk 
assessment and risk management. There is presently the need for a technique which 
can be used easily and quickly to predict the reliability of equipment.   
The industrial and military communities are concerned about critical systems and 
components, and they take particular interest in health analysis to enable robustness 
and reliability of the system with aims both to maximizing equipment uptime and to 
minimizing maintenance and operating costs. In practice, to reduce the impact of a 
failure during operation, spare parts must be available to minimize loss of operation 
time.  A logistics team must maintain and implement a spare parts control system 
inventory at a great cost due to the large number of parts kept in stock. There are 
existing techniques to perform prognostics; however, they are still lacking in some 
respects. Existing techniques fall into two categories: statistical and trending.  These 
techniques are discussed in Section 3.2. 
New prognostic algorithm development should address the shortfalls of published 
prognostics methods and provide operators and maintenance personnel a full 
understand of plant machinery and equipment condition information to increase 
efficiency and aid in operation and proper maintenance planning.  
Thus far no work has been done to incorporate the history of component 
operating conditions into degradation models and useful life predictions as this 
dissertation proposes. The algorithm developed incorporates available asset use 
information (how the machinery has been run since the last repair), real-time 
assessments of the current state of machinery health derived from monitoring-related 
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CIs (signposts), and anticipated operating conditions (i.e., load, environment stresses, 
etc.) into prognostic models to predict remaining useful life (RUL) of components of 
particular interest. Condition indicators reflect levels of degradation which indicate the 
current state of the system.  Historical operating condition data allow the merging of 
operational factors which accelerate or decelerate the degradation of assets into 
prognostic predictions. The addition of this information into the body of maintenance 
knowledge is important, particularly to those plants within equipment that is often run 
beyond standard operating conditions in order to meet production or delivery goals and 
operated with many starts and stops.  It is less important for equipment that runs at 
steady-state conditions for which it was designed for long periods of time.  
6.2 Future Study 
More work needs to be done to enhance CI selection algorithms in the areas of 
map making, wear model tuning algorithms, and improved plant testing in simulation 
modes. The scope for such would too large for this study. Automated on-line monitoring, 
combined with data visualization tool and prognostic algorithm may someday provide 
global machinery and equipment health information, enabling maintenance engineers 
and planners to better prioritize repairs and operation schedules. The biggest barrier to 
equipment health monitoring and prognostics is the availability of and access to data 
needed to determine the current condition health status and RUL of an asset.  
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CWRU Vibration data Information [16] 
Table A 1 12k drive-end bearing-fault data 
Fault 
Diameter 
(inches) 
Motor 
Speed 
(rpm) 
Inner 
Race 
Ball 
Outer Race 
Position Relative to Load Zone (Load 
Zone Centered at 6:00) 
Centered 
@6:00 
Orthogonal 
@3:00 
Opposite 
@12:00 
0.007" 
1797 
1772 
I07_0 
I07_1 
B07_0 
B07_1 
O07@6_0 
O07@6_1 
O07@3_0 
O07@3_1 
O07@12_0 
O07@12_1 
 
1750 
1730 
I07_2 
I07_3 
B07_2 
B07_3 
O07@6_2 
O07@6_3 
O07@3_2 
O07@3_3 
O07@12_2 
O07@12_3 
0.014" 
1797 
1772 
I14_0 
I14_1 
B14_0 
B14_1 
O14@6_0 
O14@6_1 
  
 
1750 
1730 
I14_2 
I14_3 
B14_2 
B14_3 
O14@6_2 
O14@6_3 
  
0.021" 
1797 
1772 
I21_0 
I21_1 
B21_0 
B21_1 
O21@6_0 
O21@6_1 
O21@3_0 
O21@3_1 
O21@12_0 
O21@12_1 
 
1750 
1730 
I21_2 
I21_3 
B21_2 
B21_3 
O21@6_2 
O21@6_3 
O21@3_2 
O21@3_3 
O21@12_2 
O21@12_3 
0.028" 
1797 
1772 
I28_0 
I28_1 
B28_0 
B28_1 
   
 
1750 
1730 
I28_2 
I28_3 
B28_2 
B28_3 
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Table A 2 48k drive-end bearing-fault data 
Fault 
Diameter 
(inches) 
Approx. 
Motor 
Speed 
(rpm) 
Inner 
Race 
Ball 
Outer Race 
Position Relative to Load Zone (Load 
Zone Centered at 6:00) 
Centered 
@6:00 
Orthogonal 
@3:00 
Opposite 
@12:00 
0.007" 
1797 
1772 
I07_0 
I07_1 
B07_0 
B07_1 
O07@6_0 
O07@6_1 
O07@3_0 
O07@3_1 
O07@12_0 
O07@12_1 
 
 
1750 
 
 
I07_2 
 
 
B07_2 
 
 
O07@6_2 
 
 
O07@3_2 
 
 
O07@12_2 
 
0.014" 
1730 
1797 
1772 
I07_3 
I14_0 
I14_1 
B07_3 
B14_0 
B14_1 
O07@6_3 
O14@6_0 
O14@6_1 
O07@3_3 O07@12_3 
 
1750 
1730 
I14_2 
I14_3 
B14_2 
B14_3 
O14@6_2 
O14@6_3 
  
0.021" 
 
1797 
 
I21_0 
 
B21_0 
 
O21@6_0 
 
O21@3_0 
 
O21@12_0 
 
 
1772 
1750 
1730 
I21_1 
I21_2 
I21_3 
B21_1 
B21_2 
B21_3 
O21@6_1 
O21@6_2 
O21@6_3 
O21@3_1 
O21@3_2 
O21@3_3 
O21@12_1 
O21@12_2 
O21@12_3 
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Table A 3 12k fan-end bearing-fault data 
Fault 
Diameter 
(inches) 
Approx. 
Motor 
Speed 
(rpm) 
Inner 
Race 
Ball 
Outer Race 
Position Relative to Load Zone (Load 
Zone Centered at 6:00) 
Centered 
@6:00 
Orthogonal 
@3:00 
Opposite 
@12:00 
0.007" 
1797 
1772 
I07_0 
I07_1 
B07_0 
B07_1 
O07@6_0 
O07@6_1 
O07@3_0 
O07@3_1 
O07@12_0 
O07@12_1 
 
1750 
1730 
 
I07_2 
I07_3 
 
 
B07_2 
B07_3 
 
O07@6_2 
O07@6_3 
O07@3_2 
O07@3_3 
O07@12_2 
O07@12_3 
0.014" 
1797 
1772 
I14_0 
I14_1 
B14_0 
B14_1 
O14@6_0 
 
O14@3 0 
O14@3 1 
 
 
1750 
1730 
I14_2 
I14_3 
B14_2 
B14_3 
 
 
O14@3_2 
O14@3 _3 
 
0.021" 
 
1797 
 
I21_0 
 
B21_0 
 
O21@6_0 
   
 
1772 
1750 
1730 
I21_1 
I21_2 
I21_3 
B21_1 
B21_2 
B21_3 
 
O21@3_1 
O21@3_2 
O21@3_3 
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Table A 4 Initial Data Used                         Table A 5 Second Run Through Data 
First Life Curve Data                                   Additional Life Curve 
 
Run 
Time 
CF RMS 
  
Time CF RMS 
0 4.149 0.0661 
  
0 4.149 0.0661 
1 4.149 0.0661 
  
1 4.149 0.0661 
60 4.149 0.0661 
  
60 4.149 0.0661 
120 4.149 0.0661 
  
120 4.149 0.0661 
180 4.2195 0.0823 
  
180 4.2153 0.0813 
240 4.2901 0.0985 
  
240 4.2816 0.0965 
300 4.3606 0.1147 
  
300 4.3479 0.1118 
360 4.4312 0.1309 
  
360 4.4142 0.127 
420 4.5017 0.1471 
  
420 4.4805 0.1422 
480 6.2289 0.15 
  
480 5.6058 0.1513 
540 7.2887 0.1477 
  
540 6.5618 0.1493 
600 9.0143 0.144 
  
600 8.1834 0.1458 
660 10.74 0.1403 
  
660 9.8051 0.1423 
720 12.465 0.1367 
  
720 11.427 0.1389 
780 13.509 0.1331 
  
780 13.049 0.1354 
840 11.784 0.1302 
  
840 13.03 0.1323 
900 10.059 0.1273 
  
900 11.409 0.1296 
960 8.3343 0.1244 
  
960 9.7878 0.1269 
1020 6.6094 0.1215 
  
1020 8.1666 0.1241 
1080 4.8844 0.1186 
  
1080 6.5455 0.1214 
1140 4.6017 0.4168 
  
1140 4.9243 0.1187 
1200 4.688 0.7921 
  
1200 4.5945 0.3856 
1260 4.7743 1.1674 
  
1260 4.6756 0.7383 
1320 4.8605 1.5427 
  
1320 4.7567 1.091 
 
 
  
 105 
 
Table A 6 Predictor RUL Initial Life Curve 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
1 0 120 125 115 1320 1324 1316 
1 1 119 124 114 1319 1323 1315 
1 2 118 123 113 1318 1322 1314 
1 3 117 122 112 1317 1321 1313 
1 4 116 121 111 1316 1320 1312 
1 5 115 120 110 1315 1319 1311 
1 6 114 119 109 1314 1318 1310 
1 7 113 118 108 1313 1317 1309 
1 8 112 117 107 1312 1316 1308 
1 9 111 116 106 1311 1315 1307 
1 10 110 115 105 1310 1314 1306 
1 11 109 114 104 1309 1313 1305 
1 12 108 113 103 1308 1312 1304 
1 13 107 112 102 1307 1311 1303 
1 14 106 111 101 1306 1310 1302 
1 15 105 110 100 1305 1309 1301 
1 16 104 109 99 1304 1308 1300 
1 17 103 108 98 1303 1307 1299 
1 18 102 107 97 1302 1306 1298 
1 19 101 106 96 1301 1305 1297 
1 20 100 105 95 1300 1304 1296 
1 21 99 104 94 1299 1303 1295 
1 22 98 103 93 1298 1302 1294 
1 23 97 102 92 1297 1301 1293 
1 24 96 101 91 1296 1300 1292 
1 25 95 100 90 1295 1299 1291 
1 26 94 99 89 1294 1298 1290 
1 27 93 98 88 1293 1297 1289 
1 28 92 97 87 1292 1296 1288 
1 29 91 96 86 1291 1295 1287 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
1 30 90 95 85 1290 1294 1286 
1 31 89 94 84 1289 1293 1285 
1 32 88 93 83 1288 1292 1284 
1 33 87 92 82 1287 1291 1283 
1 34 86 91 81 1286 1290 1282 
1 35 85 90 80 1285 1289 1281 
1 36 84 89 79 1284 1288 1280 
1 37 83 88 78 1283 1287 1279 
1 38 82 87 77 1282 1286 1278 
1 39 81 86 76 1281 1285 1277 
1 40 80 85 75 1280 1284 1276 
1 41 79 84 74 1279 1283 1275 
1 42 78 83 73 1278 1282 1274 
1 43 77 82 72 1277 1281 1273 
1 44 76 81 71 1276 1280 1272 
1 45 75 80 70 1275 1279 1271 
1 46 74 79 69 1274 1278 1270 
1 47 73 78 68 1273 1277 1269 
1 48 72 77 67 1272 1276 1268 
1 49 71 76 66 1271 1275 1267 
1 50 70 75 65 1270 1274 1266 
1 51 69 74 64 1269 1273 1265 
1 52 68 73 63 1268 1272 1264 
1 53 67 72 62 1267 1271 1263 
1 54 66 71 61 1266 1270 1262 
1 55 65 70 60 1265 1269 1261 
1 56 64 69 59 1264 1268 1260 
1 57 63 68 58 1263 1267 1259 
1 58 62 67 57 1262 1266 1258 
1 59 61 66 56 1261 1265 1257 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
1 60 60 65 55 1260 1264 1256 
1 61 59 64 54 1259 1263 1255 
1 62 58 63 53 1258 1262 1254 
1 63 57 62 52 1257 1261 1253 
1 64 56 61 51 1256 1260 1252 
1 65 55 60 50 1255 1259 1251 
1 66 54 59 49 1254 1258 1250 
1 67 53 58 48 1253 1257 1249 
1 68 52 57 47 1252 1256 1248 
1 69 51 56 46 1251 1255 1247 
1 70 50 55 45 1250 1254 1246 
1 71 49 54 44 1249 1253 1245 
1 72 48 53 43 1248 1252 1244 
1 73 47 52 42 1247 1251 1243 
1 74 46 51 41 1246 1250 1242 
1 75 45 50 40 1245 1249 1241 
1 76 44 49 39 1244 1248 1240 
1 77 43 48 38 1243 1247 1239 
1 78 42 47 37 1242 1246 1238 
1 79 41 46 36 1241 1245 1237 
1 80 40 45 35 1240 1244 1236 
1 81 39 44 34 1239 1243 1235 
1 82 38 43 33 1238 1242 1234 
1 83 37 42 32 1237 1241 1233 
1 84 36 41 31 1236 1240 1232 
1 85 35 40 30 1235 1239 1231 
1 86 34 39 29 1234 1238 1230 
1 87 33 38 28 1233 1237 1229 
1 88 32 37 27 1232 1236 1228 
1 89 31 36 26 1231 1235 1227 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
1 90 30 35 25 1230 1234 1226 
1 91 29 34 24 1229 1233 1225 
1 92 28 33 23 1228 1232 1224 
1 93 27 32 22 1227 1231 1223 
1 94 26 31 21 1226 1230 1222 
1 95 25 30 20 1225 1229 1221 
1 96 24 29 19 1224 1228 1220 
1 97 23 28 18 1223 1227 1219 
1 98 22 27 17 1222 1226 1218 
1 99 21 26 16 1221 1225 1217 
1 100 20 25 15 1220 1224 1216 
1 101 19 24 14 1219 1223 1215 
1 102 18 23 13 1218 1222 1214 
1 103 17 22 12 1217 1221 1213 
1 104 16 21 11 1216 1220 1212 
1 105 15 20 10 1215 1219 1211 
1 106 14 19 9 1214 1218 1210 
1 107 13 18 8 1213 1217 1209 
1 108 12 17 7 1212 1216 1208 
1 109 11 16 6 1211 1215 1207 
1 110 10 15 5 1210 1214 1206 
1 111 9 14 4 1209 1213 1205 
1 112 8 13 3 1208 1212 1204 
1 113 7 12 2 1207 1211 1203 
1 114 6 11 1 1206 1210 1202 
1 115 5 10 0 1205 1209 1201 
1 116 4 9 0 1204 1208 1200 
1 117 3 8 0 1203 1207 1199 
1 118 2 7 0 1202 1206 1198 
1 119 1 6 0 1201 1205 1197 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 120 300 307 293 1200 1206 1194 
2 121 299 306 292 1199 1205 1193 
2 122 298 305 291 1198 1204 1192 
2 123 297 304 290 1197 1203 1191 
2 124 296 303 289 1196 1202 1190 
2 125 295 302 288 1195 1201 1189 
2 126 294 301 287 1194 1200 1188 
2 127 293 300 286 1193 1199 1187 
2 128 292 299 285 1192 1198 1186 
2 129 291 298 284 1191 1197 1185 
2 130 290 297 283 1190 1196 1184 
2 131 289 296 282 1189 1195 1183 
2 132 288 295 281 1188 1194 1182 
2 133 287 294 280 1187 1193 1181 
2 134 286 293 279 1186 1192 1180 
2 135 285 292 278 1185 1191 1179 
2 136 284 291 277 1184 1190 1178 
2 137 283 290 276 1183 1189 1177 
2 138 282 289 275 1182 1188 1176 
2 139 281 288 274 1181 1187 1175 
2 140 280 287 273 1180 1186 1174 
2 141 279 286 272 1179 1185 1173 
2 142 278 285 271 1178 1184 1172 
2 143 277 284 270 1177 1183 1171 
2 144 276 283 269 1176 1182 1170 
2 145 275 282 268 1175 1181 1169 
2 146 274 281 267 1174 1180 1168 
2 147 273 280 266 1173 1179 1167 
2 148 272 279 265 1172 1178 1166 
2 149 271 278 264 1171 1177 1165 
 110 
 
Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 150 270 277 263 1170 1176 1164 
2 151 269 276 262 1169 1175 1163 
2 152 268 275 261 1168 1174 1162 
2 153 267 274 260 1167 1173 1161 
2 154 266 273 259 1166 1172 1160 
2 155 265 272 258 1165 1171 1159 
2 156 264 271 257 1164 1170 1158 
2 157 263 270 256 1163 1169 1157 
2 158 262 269 255 1162 1168 1156 
2 159 261 268 254 1161 1167 1155 
2 160 260 267 253 1160 1166 1154 
2 161 259 266 252 1159 1165 1153 
2 162 258 265 251 1158 1164 1152 
2 163 257 264 250 1157 1163 1151 
2 164 256 263 249 1156 1162 1150 
2 165 255 262 248 1155 1161 1149 
2 166 254 261 247 1154 1160 1148 
2 167 253 260 246 1153 1159 1147 
2 168 252 259 245 1152 1158 1146 
2 169 251 258 244 1151 1157 1145 
2 170 250 257 243 1150 1156 1144 
2 171 249 256 242 1149 1155 1143 
2 172 248 255 241 1148 1154 1142 
2 173 247 254 240 1147 1153 1141 
2 174 246 253 239 1146 1152 1140 
2 175 245 252 238 1145 1151 1139 
2 176 244 251 237 1144 1150 1138 
2 177 243 250 236 1143 1149 1137 
2 178 242 249 235 1142 1148 1136 
2 179 241 248 234 1141 1147 1135 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 180 240 247 233 1140 1146 1134 
2 181 239 246 232 1139 1145 1133 
2 182 238 245 231 1138 1144 1132 
2 183 237 244 230 1137 1143 1131 
2 184 236 243 229 1136 1142 1130 
2 185 235 242 228 1135 1141 1129 
2 186 234 241 227 1134 1140 1128 
2 187 233 240 226 1133 1139 1127 
2 188 232 239 225 1132 1138 1126 
2 189 231 238 224 1131 1137 1125 
2 190 230 237 223 1130 1136 1124 
2 191 229 236 222 1129 1135 1123 
2 192 228 235 221 1128 1134 1122 
2 193 227 234 220 1127 1133 1121 
2 194 226 233 219 1126 1132 1120 
2 195 225 232 218 1125 1131 1119 
2 196 224 231 217 1124 1130 1118 
2 197 223 230 216 1123 1129 1117 
2 198 222 229 215 1122 1128 1116 
2 199 221 228 214 1121 1127 1115 
2 200 220 227 213 1120 1126 1114 
2 201 219 226 212 1119 1125 1113 
2 202 218 225 211 1118 1124 1112 
2 203 217 224 210 1117 1123 1111 
2 204 216 223 209 1116 1122 1110 
2 205 215 222 208 1115 1121 1109 
2 206 214 221 207 1114 1120 1108 
2 207 213 220 206 1113 1119 1107 
2 208 212 219 205 1112 1118 1106 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 209 211 218 204 1111 1117 1105 
2 210 210 217 203 1110 1116 1104 
2 211 209 216 202 1109 1115 1103 
2 212 208 215 201 1108 1114 1102 
2 213 207 214 200 1107 1113 1101 
2 214 206 213 199 1106 1112 1100 
2 215 205 212 198 1105 1111 1099 
2 216 204 211 197 1104 1110 1098 
2 217 203 210 196 1103 1109 1097 
2 218 202 209 195 1102 1108 1096 
2 219 201 208 194 1101 1107 1095 
2 220 200 207 193 1100 1106 1094 
2 221 199 206 192 1099 1105 1093 
2 222 198 205 191 1098 1104 1092 
2 223 197 204 190 1097 1103 1091 
2 224 196 203 189 1096 1102 1090 
2 225 195 202 188 1095 1101 1089 
2 226 194 201 187 1094 1100 1088 
2 227 193 200 186 1093 1099 1087 
2 228 192 199 185 1092 1098 1086 
2 229 191 198 184 1091 1097 1085 
2 230 190 197 183 1090 1096 1084 
2 231 189 196 182 1089 1095 1083 
2 232 188 195 181 1088 1094 1082 
2 233 187 194 180 1087 1093 1081 
2 234 186 193 179 1086 1092 1080 
2 235 185 192 178 1085 1091 1079 
2 236 184 191 177 1084 1090 1078 
2 237 183 190 176 1083 1089 1077 
2 238 182 189 175 1082 1088 1076 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 239 181 188 174 1081 1087 1075 
2 240 180 187 173 1080 1086 1074 
2 241 179 186 172 1079 1085 1073 
2 242 178 185 171 1078 1084 1072 
2 243 177 184 170 1077 1083 1071 
2 244 176 183 169 1076 1082 1070 
2 245 175 182 168 1075 1081 1069 
2 246 174 181 167 1074 1080 1068 
2 247 173 180 166 1073 1079 1067 
2 248 172 179 165 1072 1078 1066 
2 249 171 178 164 1071 1077 1065 
2 250 170 177 163 1070 1076 1064 
2 251 169 176 162 1069 1075 1063 
2 252 168 175 161 1068 1074 1062 
2 253 167 174 160 1067 1073 1061 
2 254 166 173 159 1066 1072 1060 
2 255 165 172 158 1065 1071 1059 
2 256 164 171 157 1064 1070 1058 
2 257 163 170 156 1063 1069 1057 
2 258 162 169 155 1062 1068 1056 
2 259 161 168 154 1061 1067 1055 
2 260 160 167 153 1060 1066 1054 
2 261 159 166 152 1059 1065 1053 
2 262 158 165 151 1058 1064 1052 
2 263 157 164 150 1057 1063 1051 
2 264 156 163 149 1056 1062 1050 
2 265 155 162 148 1055 1061 1049 
2 266 154 161 147 1054 1060 1048 
2 267 153 160 146 1053 1059 1047 
2 268 152 159 145 1052 1058 1046 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 269 151 158 144 1051 1057 1045 
2 270 150 157 143 1050 1056 1044 
2 271 149 156 142 1049 1055 1043 
2 272 148 155 141 1048 1054 1042 
2 273 147 154 140 1047 1053 1041 
2 274 146 153 139 1046 1052 1040 
2 275 145 152 138 1045 1051 1039 
2 276 144 151 137 1044 1050 1038 
2 277 143 150 136 1043 1049 1037 
2 278 142 149 135 1042 1048 1036 
2 279 141 148 134 1041 1047 1035 
2 280 140 147 133 1040 1046 1034 
2 281 139 146 132 1039 1045 1033 
2 282 138 145 131 1038 1044 1032 
2 283 137 144 130 1037 1043 1031 
2 284 136 143 129 1036 1042 1030 
2 285 135 142 128 1035 1041 1029 
2 286 134 141 127 1034 1040 1028 
2 287 133 140 126 1033 1039 1027 
2 288 132 139 125 1032 1038 1026 
2 289 131 138 124 1031 1037 1025 
2 290 130 137 123 1030 1036 1024 
2 291 129 136 122 1029 1035 1023 
2 292 128 135 121 1028 1034 1022 
2 293 127 134 120 1027 1033 1021 
2 294 126 133 119 1026 1032 1020 
2 295 125 132 118 1025 1031 1019 
2 296 124 131 117 1024 1030 1018 
2 297 123 130 116 1023 1029 1017 
2 298 122 129 115 1022 1028 1016 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 299 121 128 114 1021 1027 1015 
2 300 120 127 113 1020 1026 1014 
2 301 119 126 112 1019 1025 1013 
2 302 118 125 111 1018 1024 1012 
2 303 117 124 110 1017 1023 1011 
2 304 116 123 109 1016 1022 1010 
2 305 115 122 108 1015 1021 1009 
2 306 114 121 107 1014 1020 1008 
2 307 113 120 106 1013 1019 1007 
2 308 112 119 105 1012 1018 1006 
2 309 111 118 104 1011 1017 1005 
2 310 110 117 103 1010 1016 1004 
2 311 109 116 102 1009 1015 1003 
2 312 108 115 101 1008 1014 1002 
2 313 107 114 100 1007 1013 1001 
2 314 106 113 99 1006 1012 1000 
2 315 105 112 98 1005 1011 999 
2 316 104 111 97 1004 1010 998 
2 317 103 110 96 1003 1009 997 
2 318 102 109 95 1002 1008 996 
2 319 101 108 94 1001 1007 995 
2 320 100 107 93 1000 1006 994 
2 321 99 106 92 999 1005 993 
2 322 98 105 91 998 1004 992 
2 323 97 104 90 997 1003 991 
2 324 96 103 89 996 1002 990 
2 325 95 102 88 995 1001 989 
2 326 94 101 87 994 1000 988 
2 327 93 100 86 993 999 987 
2 328 92 99 85 992 998 986 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 329 91 98 84 991 997 985 
2 330 90 97 83 990 996 984 
2 331 89 96 82 989 995 983 
2 332 88 95 81 988 994 982 
2 333 87 94 80 987 993 981 
2 334 86 93 79 986 992 980 
2 335 85 92 78 985 991 979 
2 336 84 91 77 984 990 978 
2 337 83 90 76 983 989 977 
2 338 82 89 75 982 988 976 
2 339 81 88 74 981 987 975 
2 340 80 87 73 980 986 974 
2 341 79 86 72 979 985 973 
2 342 78 85 71 978 984 972 
2 343 77 84 70 977 983 971 
2 344 76 83 69 976 982 970 
2 345 75 82 68 975 981 969 
2 346 74 81 67 974 980 968 
2 347 73 80 66 973 979 967 
2 348 72 79 65 972 978 966 
2 349 71 78 64 971 977 965 
2 350 70 77 63 970 976 964 
2 351 69 76 62 969 975 963 
2 352 68 75 61 968 974 962 
2 353 67 74 60 967 973 961 
2 354 66 73 59 966 972 960 
2 355 65 72 58 965 971 959 
2 356 64 71 57 964 970 958 
2 357 63 70 56 963 969 957 
2 358 62 69 55 962 968 956 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 359 61 68 54 961 967 955 
2 360 60 67 53 960 966 954 
2 361 59 66 52 959 965 953 
2 362 58 65 51 958 964 952 
2 363 57 64 50 957 963 951 
2 364 56 63 49 956 962 950 
2 365 55 62 48 955 961 949 
2 366 54 61 47 954 960 948 
2 367 53 60 46 953 959 947 
2 368 52 59 45 952 958 946 
2 369 51 58 44 951 957 945 
2 370 50 57 43 950 956 944 
2 371 49 56 42 949 955 943 
2 372 48 55 41 948 954 942 
2 373 47 54 40 947 953 941 
2 374 46 53 39 946 952 940 
2 375 45 52 38 945 951 939 
2 376 44 51 37 944 950 938 
2 377 43 50 36 943 949 937 
2 378 42 49 35 942 948 936 
2 379 41 48 34 941 947 935 
2 380 40 47 33 940 946 934 
2 381 39 46 32 939 945 933 
2 382 38 45 31 938 944 932 
2 383 37 44 30 937 943 931 
2 384 36 43 29 936 942 930 
2 385 35 42 28 935 941 929 
2 386 34 41 27 934 940 928 
2 387 33 40 26 933 939 927 
2 388 32 39 25 932 938 926 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 389 31 38 24 931 937 925 
2 390 30 37 23 930 936 924 
2 391 29 36 22 929 935 923 
2 392 28 35 21 928 934 922 
2 393 27 34 20 927 933 921 
2 394 26 33 19 926 932 920 
2 395 25 32 18 925 931 919 
2 396 24 31 17 924 930 918 
2 397 23 30 16 923 929 917 
2 398 22 29 15 922 928 916 
2 399 21 28 14 921 927 915 
2 400 20 27 13 920 926 914 
2 401 19 26 12 919 925 913 
2 402 18 25 11 918 924 912 
2 403 17 24 10 917 923 911 
2 404 16 23 9 916 922 910 
2 405 15 22 8 915 921 909 
2 406 14 21 7 914 920 908 
2 407 13 20 6 913 919 907 
2 408 12 19 5 912 918 906 
2 409 11 18 4 911 917 905 
2 410 10 17 3 910 916 904 
2 411 9 16 2 909 915 903 
2 412 8 15 1 908 914 902 
2 413 7 14 0 907 913 901 
2 414 6 13 0 906 912 900 
2 415 5 12 0 905 911 899 
2 416 4 11 0 904 910 898 
2 417 3 10 0 903 909 897 
2 418 2 9 0 902 908 896 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 419 1 8 0 901 907 895 
3 420 60 68 52 900 910 890 
3 421 59 67 51 899 909 889 
3 422 58 66 50 898 908 888 
3 423 57 65 49 897 907 887 
3 424 56 64 48 896 906 886 
3 425 55 63 47 895 905 885 
3 426 54 62 46 894 904 884 
3 427 53 61 45 893 903 883 
3 428 52 60 44 892 902 882 
3 429 51 59 43 891 901 881 
3 430 50 58 42 890 900 880 
3 431 49 57 41 889 899 879 
3 432 48 56 40 888 898 878 
3 433 47 55 39 887 897 877 
3 434 46 54 38 886 896 876 
3 435 45 53 37 885 895 875 
3 436 44 52 36 884 894 874 
3 437 43 51 35 883 893 873 
3 438 42 50 34 882 892 872 
3 439 41 49 33 881 891 871 
3 440 40 48 32 880 890 870 
3 441 39 47 31 879 889 869 
3 442 38 46 30 878 888 868 
3 443 37 45 29 877 887 867 
3 444 36 44 28 876 886 866 
3 445 35 43 27 875 885 865 
3 446 34 42 26 874 884 864 
3 447 33 41 25 873 883 863 
3 448 32 40 24 872 882 862 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
3 449 31 39 23 871 881 861 
3 450 30 38 22 870 880 860 
3 451 29 37 21 869 879 859 
3 452 28 36 20 868 878 858 
3 453 27 35 19 867 877 857 
3 454 26 34 18 866 876 856 
3 455 25 33 17 865 875 855 
3 456 24 32 16 864 874 854 
3 457 23 31 15 863 873 853 
3 458 22 30 14 862 872 852 
3 459 21 29 13 861 871 851 
3 460 20 28 12 860 870 850 
3 461 19 27 11 859 869 849 
3 462 18 26 10 858 868 848 
3 463 17 25 9 857 867 847 
3 464 16 24 8 856 866 846 
3 465 15 23 7 855 865 845 
3 466 14 22 6 854 864 844 
3 467 13 21 5 853 863 843 
3 468 12 20 4 852 862 842 
3 469 11 19 3 851 861 841 
3 470 10 18 2 850 860 840 
3 471 9 17 1 849 859 839 
3 472 8 16 0 848 858 838 
3 473 7 15 0 847 857 837 
3 474 6 14 0 846 856 836 
3 475 5 13 0 845 855 835 
3 476 4 12 0 844 854 834 
3 477 3 11 0 843 853 833 
3 478 2 10 0 842 852 832 
 121 
 
Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
3 479 1 9 0 841 851 831 
4 480 60 70 50 840 844 836 
4 481 59 69 49 839 843 835 
4 482 58 68 48 838 842 834 
4 483 57 67 47 837 841 833 
4 484 56 66 46 836 840 832 
4 485 55 65 45 835 839 831 
4 486 54 64 44 834 838 830 
4 487 53 63 43 833 837 829 
4 488 52 62 42 832 836 828 
4 489 51 61 41 831 835 827 
4 490 50 60 40 830 834 826 
4 491 49 59 39 829 833 825 
4 492 48 58 38 828 832 824 
4 493 47 57 37 827 831 823 
4 494 46 56 36 826 830 822 
4 495 45 55 35 825 829 821 
4 496 44 54 34 824 828 820 
4 497 43 53 33 823 827 819 
4 498 42 52 32 822 826 818 
4 499 41 51 31 821 825 817 
4 500 40 50 30 820 824 816 
4 501 39 49 29 819 823 815 
4 502 38 48 28 818 822 814 
4 503 37 47 27 817 821 813 
4 504 36 46 26 816 820 812 
4 505 35 45 25 815 819 811 
4 506 34 44 24 814 818 810 
4 507 33 43 23 813 817 809 
4 508 32 42 22 812 816 808 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
4 509 31 41 21 811 815 807 
4 510 30 40 20 810 814 806 
4 511 29 39 19 809 813 805 
4 512 28 38 18 808 812 804 
4 513 27 37 17 807 811 803 
4 514 26 36 16 806 810 802 
4 515 25 35 15 805 809 801 
4 516 24 34 14 804 808 800 
4 517 23 33 13 803 807 799 
4 518 22 32 12 802 806 798 
4 519 21 31 11 801 805 797 
4 520 20 30 10 800 804 796 
4 521 19 29 9 799 803 795 
4 522 18 28 8 798 802 794 
4 523 17 27 7 797 801 793 
4 524 16 26 6 796 800 792 
4 525 15 25 5 795 799 791 
4 526 14 24 4 794 798 790 
4 527 13 23 3 793 797 789 
4 528 12 22 2 792 796 788 
4 529 11 21 1 791 795 787 
4 530 10 20 0 790 794 786 
4 531 9 19 0 789 793 785 
4 532 8 18 0 788 792 784 
4 533 7 17 0 787 791 783 
4 534 6 16 0 786 790 782 
4 535 5 15 0 785 789 781 
4 536 4 14 0 784 788 780 
4 537 3 13 0 783 787 779 
4 538 2 12 0 782 786 778 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
4 539 1 11 0 781 785 777 
5 540 180 184 176 780 786 774 
5 541 179 183 175 779 785 773 
5 542 178 182 174 778 784 772 
5 543 177 181 173 777 783 771 
5 544 176 180 172 776 782 770 
5 545 175 179 171 775 781 769 
5 546 174 178 170 774 780 768 
5 547 173 177 169 773 779 767 
5 548 172 176 168 772 778 766 
5 549 171 175 167 771 777 765 
5 550 170 174 166 770 776 764 
5 551 169 173 165 769 775 763 
5 552 168 172 164 768 774 762 
5 553 167 171 163 767 773 761 
5 554 166 170 162 766 772 760 
5 555 165 169 161 765 771 759 
5 556 164 168 160 764 770 758 
5 557 163 167 159 763 769 757 
5 558 162 166 158 762 768 756 
5 559 161 165 157 761 767 755 
5 560 160 164 156 760 766 754 
5 561 159 163 155 759 765 753 
5 562 158 162 154 758 764 752 
5 563 157 161 153 757 763 751 
5 564 156 160 152 756 762 750 
5 565 155 159 151 755 761 749 
5 566 154 158 150 754 760 748 
5 567 153 157 149 753 759 747 
5 568 152 156 148 752 758 746 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 569 151 155 147 751 757 745 
5 570 150 154 146 750 756 744 
5 571 149 153 145 749 755 743 
5 572 148 152 144 748 754 742 
5 573 147 151 143 747 753 741 
5 574 146 150 142 746 752 740 
5 575 145 149 141 745 751 739 
5 576 144 148 140 744 750 738 
5 577 143 147 139 743 749 737 
5 578 142 146 138 742 748 736 
5 579 141 145 137 741 747 735 
5 580 140 144 136 740 746 734 
5 581 139 143 135 739 745 733 
5 582 138 142 134 738 744 732 
5 583 137 141 133 737 743 731 
5 584 136 140 132 736 742 730 
5 585 135 139 131 735 741 729 
5 586 134 138 130 734 740 728 
5 587 133 137 129 733 739 727 
5 588 132 136 128 732 738 726 
5 589 131 135 127 731 737 725 
5 590 130 134 126 730 736 724 
5 591 129 133 125 729 735 723 
5 592 128 132 124 728 734 722 
5 593 127 131 123 727 733 721 
5 594 126 130 122 726 732 720 
5 595 125 129 121 725 731 719 
5 596 124 128 120 724 730 718 
5 597 123 127 119 723 729 717 
5 598 122 126 118 722 728 716 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 599 121 125 117 721 727 715 
5 600 120 124 116 720 726 714 
5 601 119 123 115 719 725 713 
5 602 118 122 114 718 724 712 
5 603 117 121 113 717 723 711 
5 604 116 120 112 716 722 710 
5 605 115 119 111 715 721 709 
5 606 114 118 110 714 720 708 
5 607 113 117 109 713 719 707 
5 608 112 116 108 712 718 706 
5 609 111 115 107 711 717 705 
5 610 110 114 106 710 716 704 
5 611 109 113 105 709 715 703 
5 612 108 112 104 708 714 702 
5 613 107 111 103 707 713 701 
5 614 106 110 102 706 712 700 
5 615 105 109 101 705 711 699 
5 616 104 108 100 704 710 698 
5 617 103 107 99 703 709 697 
5 618 102 106 98 702 708 696 
5 619 101 105 97 701 707 695 
5 620 100 104 96 700 706 694 
5 621 99 103 95 699 705 693 
5 622 98 102 94 698 704 692 
5 623 97 101 93 697 703 691 
5 624 96 100 92 696 702 690 
5 625 95 99 91 695 701 689 
5 626 94 98 90 694 700 688 
5 627 93 97 89 693 699 687 
5 628 92 96 88 692 698 686 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 629 91 95 87 691 697 685 
5 630 90 94 86 690 696 684 
5 631 89 93 85 689 695 683 
5 632 88 92 84 688 694 682 
5 633 87 91 83 687 693 681 
5 634 86 90 82 686 692 680 
5 635 85 89 81 685 691 679 
5 636 84 88 80 684 690 678 
5 637 83 87 79 683 689 677 
5 638 82 86 78 682 688 676 
5 639 81 85 77 681 687 675 
5 640 80 84 76 680 686 674 
5 641 79 83 75 679 685 673 
5 642 78 82 74 678 684 672 
5 643 77 81 73 677 683 671 
5 644 76 80 72 676 682 670 
5 645 75 79 71 675 681 669 
5 646 74 78 70 674 680 668 
5 647 73 77 69 673 679 667 
5 648 72 76 68 672 678 666 
5 649 71 75 67 671 677 665 
5 650 70 74 66 670 676 664 
5 651 69 73 65 669 675 663 
5 652 68 72 64 668 674 662 
5 653 67 71 63 667 673 661 
5 654 66 70 62 666 672 660 
5 655 65 69 61 665 671 659 
5 656 64 68 60 664 670 658 
5 657 63 67 59 663 669 657 
5 658 62 66 58 662 668 656 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 659 61 65 57 661 667 655 
5 660 60 64 56 660 666 654 
5 661 59 63 55 659 665 653 
5 662 58 62 54 658 664 652 
5 663 57 61 53 657 663 651 
5 664 56 60 52 656 662 650 
5 665 55 59 51 655 661 649 
5 666 54 58 50 654 660 648 
5 667 53 57 49 653 659 647 
5 668 52 56 48 652 658 646 
5 669 51 55 47 651 657 645 
5 670 50 54 46 650 656 644 
5 671 49 53 45 649 655 643 
5 672 48 52 44 648 654 642 
5 673 47 51 43 647 653 641 
5 674 46 50 42 646 652 640 
5 675 45 49 41 645 651 639 
5 676 44 48 40 644 650 638 
5 677 43 47 39 643 649 637 
5 678 42 46 38 642 648 636 
5 679 41 45 37 641 647 635 
5 680 40 44 36 640 646 634 
5 681 39 43 35 639 645 633 
5 682 38 42 34 638 644 632 
5 683 37 41 33 637 643 631 
5 684 36 40 32 636 642 630 
5 685 35 39 31 635 641 629 
5 686 34 38 30 634 640 628 
5 687 33 37 29 633 639 627 
5 688 32 36 28 632 638 626 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 689 31 35 27 631 637 625 
5 690 30 34 26 630 636 624 
5 691 29 33 25 629 635 623 
5 692 28 32 24 628 634 622 
5 693 27 31 23 627 633 621 
5 694 26 30 22 626 632 620 
5 695 25 29 21 625 631 619 
5 696 24 28 20 624 630 618 
5 697 23 27 19 623 629 617 
5 698 22 26 18 622 628 616 
5 699 21 25 17 621 627 615 
5 700 20 24 16 620 626 614 
5 701 19 23 15 619 625 613 
5 702 18 22 14 618 624 612 
5 703 17 21 13 617 623 611 
5 704 16 20 12 616 622 610 
5 705 15 19 11 615 621 609 
5 706 14 18 10 614 620 608 
5 707 13 17 9 613 619 607 
5 708 12 16 8 612 618 606 
5 709 11 15 7 611 617 605 
5 710 10 14 6 610 616 604 
5 711 9 13 5 609 615 603 
5 712 8 12 4 608 614 602 
5 713 7 11 3 607 613 601 
5 714 6 10 2 606 612 600 
5 715 5 9 1 605 611 599 
5 716 4 8 0 604 610 598 
5 717 3 7 0 603 609 597 
5 718 2 6 0 602 608 596 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 719 1 5 0 601 607 595 
6 720 60 68 52 600 606 594 
6 721 59 67 51 599 605 593 
6 722 58 66 50 598 604 592 
6 723 57 65 49 597 603 591 
6 724 56 64 48 596 602 590 
6 725 55 63 47 595 601 589 
6 726 54 62 46 594 600 588 
6 727 53 61 45 593 599 587 
6 728 52 60 44 592 598 586 
6 729 51 59 43 591 597 585 
6 730 50 58 42 590 596 584 
6 731 49 57 41 589 595 583 
6 732 48 56 40 588 594 582 
6 733 47 55 39 587 593 581 
6 734 46 54 38 586 592 580 
6 735 45 53 37 585 591 579 
6 736 44 52 36 584 590 578 
6 737 43 51 35 583 589 577 
6 738 42 50 34 582 588 576 
6 739 41 49 33 581 587 575 
6 740 40 48 32 580 586 574 
6 741 39 47 31 579 585 573 
6 742 38 46 30 578 584 572 
6 743 37 45 29 577 583 571 
6 744 36 44 28 576 582 570 
6 745 35 43 27 575 581 569 
6 746 34 42 26 574 580 568 
6 747 33 41 25 573 579 567 
6 748 32 40 24 572 578 566 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
6 749 31 39 23 571 577 565 
6 750 30 38 22 570 576 564 
6 751 29 37 21 569 575 563 
6 752 28 36 20 568 574 562 
6 753 27 35 19 567 573 561 
6 754 26 34 18 566 572 560 
6 755 25 33 17 565 571 559 
6 756 24 32 16 564 570 558 
6 757 23 31 15 563 569 557 
6 758 22 30 14 562 568 556 
6 759 21 29 13 561 567 555 
6 760 20 28 12 560 566 554 
6 761 19 27 11 559 565 553 
6 762 18 26 10 558 564 552 
6 763 17 25 9 557 563 551 
6 764 16 24 8 556 562 550 
6 765 15 23 7 555 561 549 
6 766 14 22 6 554 560 548 
6 767 13 21 5 553 559 547 
6 768 12 20 4 552 558 546 
6 769 11 19 3 551 557 545 
6 770 10 18 2 550 556 544 
6 771 9 17 1 549 555 543 
6 772 8 16 0 548 554 542 
6 773 7 15 0 547 553 541 
6 774 6 14 0 546 552 540 
6 775 5 13 0 545 551 539 
6 776 4 12 0 544 550 538 
6 777 3 11 0 543 549 537 
6 778 2 10 0 542 548 536 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
6 779 1 9 0 541 547 535 
7 780 300 306 294 540 548 532 
7 781 299 305 293 539 547 531 
7 782 298 304 292 538 546 530 
7 783 297 303 291 537 545 529 
7 784 296 302 290 536 544 528 
7 785 295 301 289 535 543 527 
7 786 294 300 288 534 542 526 
7 787 293 299 287 533 541 525 
7 788 292 298 286 532 540 524 
7 789 291 297 285 531 539 523 
7 790 290 296 284 530 538 522 
7 791 289 295 283 529 537 521 
7 792 288 294 282 528 536 520 
7 793 287 293 281 527 535 519 
7 794 286 292 280 526 534 518 
7 795 285 291 279 525 533 517 
7 796 284 290 278 524 532 516 
7 797 283 289 277 523 531 515 
7 798 282 288 276 522 530 514 
7 799 281 287 275 521 529 513 
7 800 280 286 274 520 528 512 
7 801 279 285 273 519 527 511 
7 802 278 284 272 518 526 510 
7 803 277 283 271 517 525 509 
7 804 276 282 270 516 524 508 
7 805 275 281 269 515 523 507 
7 806 274 280 268 514 522 506 
7 807 273 279 267 513 521 505 
7 808 272 278 266 512 520 504 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 809 271 277 265 511 519 503 
7 810 270 276 264 510 518 502 
7 811 269 275 263 509 517 501 
7 812 268 274 262 508 516 500 
7 813 267 273 261 507 515 499 
7 814 266 272 260 506 514 498 
7 815 265 271 259 505 513 497 
7 816 264 270 258 504 512 496 
7 817 263 269 257 503 511 495 
7 818 262 268 256 502 510 494 
7 819 261 267 255 501 509 493 
7 820 260 266 254 500 508 492 
7 821 259 265 253 499 507 491 
7 822 258 264 252 498 506 490 
7 823 257 263 251 497 505 489 
7 824 256 262 250 496 504 488 
7 825 255 261 249 495 503 487 
7 826 254 260 248 494 502 486 
7 827 253 259 247 493 501 485 
7 828 252 258 246 492 500 484 
7 829 251 257 245 491 499 483 
7 830 250 256 244 490 498 482 
7 831 249 255 243 489 497 481 
7 832 248 254 242 488 496 480 
7 833 247 253 241 487 495 479 
7 834 246 252 240 486 494 478 
7 835 245 251 239 485 493 477 
7 836 244 250 238 484 492 476 
7 837 243 249 237 483 491 475 
7 838 242 248 236 482 490 474 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 839 241 247 235 481 489 473 
7 840 240 246 234 480 488 472 
7 841 239 245 233 479 487 471 
7 842 238 244 232 478 486 470 
7 843 237 243 231 477 485 469 
7 844 236 242 230 476 484 468 
7 845 235 241 229 475 483 467 
7 846 234 240 228 474 482 466 
7 847 233 239 227 473 481 465 
7 848 232 238 226 472 480 464 
7 849 231 237 225 471 479 463 
7 850 230 236 224 470 478 462 
7 851 229 235 223 469 477 461 
7 852 228 234 222 468 476 460 
7 853 227 233 221 467 475 459 
7 854 226 232 220 466 474 458 
7 855 225 231 219 465 473 457 
7 856 224 230 218 464 472 456 
7 857 223 229 217 463 471 455 
7 858 222 228 216 462 470 454 
7 859 221 227 215 461 469 453 
7 860 220 226 214 460 468 452 
7 861 219 225 213 459 467 451 
7 862 218 224 212 458 466 450 
7 863 217 223 211 457 465 449 
7 864 216 222 210 456 464 448 
7 865 215 221 209 455 463 447 
7 866 214 220 208 454 462 446 
7 867 213 219 207 453 461 445 
7 868 212 218 206 452 460 444 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 869 211 217 205 451 459 443 
7 870 210 216 204 450 458 442 
7 871 209 215 203 449 457 441 
7 872 208 214 202 448 456 440 
7 873 207 213 201 447 455 439 
7 874 206 212 200 446 454 438 
7 875 205 211 199 445 453 437 
7 876 204 210 198 444 452 436 
7 877 203 209 197 443 451 435 
7 878 202 208 196 442 450 434 
7 879 201 207 195 441 449 433 
7 880 200 206 194 440 448 432 
7 881 199 205 193 439 447 431 
7 882 198 204 192 438 446 430 
7 883 197 203 191 437 445 429 
7 884 196 202 190 436 444 428 
7 885 195 201 189 435 443 427 
7 886 194 200 188 434 442 426 
7 887 193 199 187 433 441 425 
7 888 192 198 186 432 440 424 
7 889 191 197 185 431 439 423 
7 890 190 196 184 430 438 422 
7 891 189 195 183 429 437 421 
7 892 188 194 182 428 436 420 
7 893 187 193 181 427 435 419 
7 894 186 192 180 426 434 418 
7 895 185 191 179 425 433 417 
7 896 184 190 178 424 432 416 
7 897 183 189 177 423 431 415 
7 898 182 188 176 422 430 414 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 899 181 187 175 421 429 413 
7 900 180 186 174 420 428 412 
7 901 179 185 173 419 427 411 
7 902 178 184 172 418 426 410 
7 903 177 183 171 417 425 409 
7 904 176 182 170 416 424 408 
7 905 175 181 169 415 423 407 
7 906 174 180 168 414 422 406 
7 907 173 179 167 413 421 405 
7 908 172 178 166 412 420 404 
7 909 171 177 165 411 419 403 
7 910 170 176 164 410 418 402 
7 911 169 175 163 409 417 401 
7 912 168 174 162 408 416 400 
7 913 167 173 161 407 415 399 
7 914 166 172 160 406 414 398 
7 915 165 171 159 405 413 397 
7 916 164 170 158 404 412 396 
7 917 163 169 157 403 411 395 
7 918 162 168 156 402 410 394 
7 919 161 167 155 401 409 393 
7 920 160 166 154 400 408 392 
7 921 159 165 153 399 407 391 
7 922 158 164 152 398 406 390 
7 923 157 163 151 397 405 389 
7 924 156 162 150 396 404 388 
7 925 155 161 149 395 403 387 
7 926 154 160 148 394 402 386 
7 927 153 159 147 393 401 385 
7 928 152 158 146 392 400 384 
 136 
 
Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 929 151 157 145 391 399 383 
7 930 150 156 144 390 398 382 
7 931 149 155 143 389 397 381 
7 932 148 154 142 388 396 380 
7 933 147 153 141 387 395 379 
7 934 146 152 140 386 394 378 
7 935 145 151 139 385 393 377 
7 936 144 150 138 384 392 376 
7 937 143 149 137 383 391 375 
7 938 142 148 136 382 390 374 
7 939 141 147 135 381 389 373 
7 940 140 146 134 380 388 372 
7 941 139 145 133 379 387 371 
7 942 138 144 132 378 386 370 
7 943 137 143 131 377 385 369 
7 944 136 142 130 376 384 368 
7 945 135 141 129 375 383 367 
7 946 134 140 128 374 382 366 
7 947 133 139 127 373 381 365 
7 948 132 138 126 372 380 364 
7 949 131 137 125 371 379 363 
7 950 130 136 124 370 378 362 
7 951 129 135 123 369 377 361 
7 952 128 134 122 368 376 360 
7 953 127 133 121 367 375 359 
7 954 126 132 120 366 374 358 
7 955 125 131 119 365 373 357 
7 956 124 130 118 364 372 356 
7 957 123 129 117 363 371 355 
7 958 122 128 116 362 370 354 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 959 121 127 115 361 369 353 
7 960 120 126 114 360 368 352 
7 961 119 125 113 359 367 351 
7 962 118 124 112 358 366 350 
7 963 117 123 111 357 365 349 
7 964 116 122 110 356 364 348 
7 965 115 121 109 355 363 347 
7 966 114 120 108 354 362 346 
7 967 113 119 107 353 361 345 
7 968 112 118 106 352 360 344 
7 969 111 117 105 351 359 343 
7 970 110 116 104 350 358 342 
7 971 109 115 103 349 357 341 
7 972 108 114 102 348 356 340 
7 973 107 113 101 347 355 339 
7 974 106 112 100 346 354 338 
7 975 105 111 99 345 353 337 
7 976 104 110 98 344 352 336 
7 977 103 109 97 343 351 335 
7 978 102 108 96 342 350 334 
7 979 101 107 95 341 349 333 
7 980 100 106 94 340 348 332 
7 981 99 105 93 339 347 331 
7 982 98 104 92 338 346 330 
7 983 97 103 91 337 345 329 
7 984 96 102 90 336 344 328 
7 985 95 101 89 335 343 327 
7 986 94 100 88 334 342 326 
7 987 93 99 87 333 341 325 
7 988 92 98 86 332 340 324 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 989 91 97 85 331 339 323 
7 990 90 96 84 330 338 322 
7 991 89 95 83 329 337 321 
7 992 88 94 82 328 336 320 
7 993 87 93 81 327 335 319 
7 994 86 92 80 326 334 318 
7 995 85 91 79 325 333 317 
7 996 84 90 78 324 332 316 
7 997 83 89 77 323 331 315 
7 998 82 88 76 322 330 314 
7 999 81 87 75 321 329 313 
7 1000 80 86 74 320 328 312 
7 1001 79 85 73 319 327 311 
7 1002 78 84 72 318 326 310 
7 1003 77 83 71 317 325 309 
7 1004 76 82 70 316 324 308 
7 1005 75 81 69 315 323 307 
7 1006 74 80 68 314 322 306 
7 1007 73 79 67 313 321 305 
7 1008 72 78 66 312 320 304 
7 1009 71 77 65 311 319 303 
7 1010 70 76 64 310 318 302 
7 1011 69 75 63 309 317 301 
7 1012 68 74 62 308 316 300 
7 1013 67 73 61 307 315 299 
7 1014 66 72 60 306 314 298 
7 1015 65 71 59 305 313 297 
7 1016 64 70 58 304 312 296 
7 1017 63 69 57 303 311 295 
7 1018 62 68 56 302 310 294 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 1019 61 67 55 301 309 293 
7 1020 60 66 54 300 308 292 
7 1021 59 65 53 299 307 291 
7 1022 58 64 52 298 306 290 
7 1023 57 63 51 297 305 289 
7 1024 56 62 50 296 304 288 
7 1025 55 61 49 295 303 287 
7 1026 54 60 48 294 302 286 
7 1027 53 59 47 293 301 285 
7 1028 52 58 46 292 300 284 
7 1029 51 57 45 291 299 283 
7 1030 50 56 44 290 298 282 
7 1031 49 55 43 289 297 281 
7 1032 48 54 42 288 296 280 
7 1033 47 53 41 287 295 279 
7 1034 46 52 40 286 294 278 
7 1035 45 51 39 285 293 277 
7 1036 44 50 38 284 292 276 
7 1037 43 49 37 283 291 275 
7 1038 42 48 36 282 290 274 
7 1039 41 47 35 281 289 273 
7 1040 40 46 34 280 288 272 
7 1041 39 45 33 279 287 271 
7 1042 38 44 32 278 286 270 
7 1043 37 43 31 277 285 269 
7 1044 36 42 30 276 284 268 
7 1045 35 41 29 275 283 267 
7 1046 34 40 28 274 282 266 
7 1047 33 39 27 273 281 265 
7 1048 32 38 26 272 280 264 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 1049 31 37 25 271 279 263 
7 1050 30 36 24 270 278 262 
7 1051 29 35 23 269 277 261 
7 1052 28 34 22 268 276 260 
7 1053 27 33 21 267 275 259 
7 1054 26 32 20 266 274 258 
7 1055 25 31 19 265 273 257 
7 1056 24 30 18 264 272 256 
7 1057 23 29 17 263 271 255 
7 1058 22 28 16 262 270 254 
7 1059 21 27 15 261 269 253 
7 1060 20 26 14 260 268 252 
7 1061 19 25 13 259 267 251 
7 1062 18 24 12 258 266 250 
7 1063 17 23 11 257 265 249 
7 1064 16 22 10 256 264 248 
7 1065 15 21 9 255 263 247 
7 1066 14 20 8 254 262 246 
7 1067 13 19 7 253 261 245 
7 1068 12 18 6 252 260 244 
7 1069 11 17 5 251 259 243 
7 1070 10 16 4 250 258 242 
7 1071 9 15 3 249 257 241 
7 1072 8 14 2 248 256 240 
7 1073 7 13 1 247 255 239 
7 1074 6 12 0 246 254 238 
7 1075 5 11 0 245 253 237 
7 1076 4 10 0 244 252 236 
7 1077 3 9 0 243 251 235 
7 1078 2 8 0 242 250 234 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 1079 1 7 0 241 249 233 
8 1080 60 63 57 240 242 238 
8 1081 59 62 56 239 241 237 
8 1082 58 61 55 238 240 236 
8 1083 57 60 54 237 239 235 
8 1084 56 59 53 236 238 234 
8 1085 55 58 52 235 237 233 
8 1086 54 57 51 234 236 232 
8 1087 53 56 50 233 235 231 
8 1088 52 55 49 232 234 230 
8 1089 51 54 48 231 233 229 
8 1090 50 53 47 230 232 228 
8 1091 49 52 46 229 231 227 
8 1092 48 51 45 228 230 226 
8 1093 47 50 44 227 229 225 
8 1094 46 49 43 226 228 224 
8 1095 45 48 42 225 227 223 
8 1096 44 47 41 224 226 222 
8 1097 43 46 40 223 225 221 
8 1098 42 45 39 222 224 220 
8 1099 41 44 38 221 223 219 
8 1100 40 43 37 220 222 218 
8 1101 39 42 36 219 221 217 
8 1102 38 41 35 218 220 216 
8 1103 37 40 34 217 219 215 
8 1104 36 39 33 216 218 214 
8 1105 35 38 32 215 217 213 
8 1106 34 37 31 214 216 212 
8 1107 33 36 30 213 215 211 
8 1108 32 35 29 212 214 210 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
8 1109 31 34 28 211 213 209 
8 1110 30 33 27 210 212 208 
8 1111 29 32 26 209 211 207 
8 1112 28 31 25 208 210 206 
8 1113 27 30 24 207 209 205 
8 1114 26 29 23 206 208 204 
8 1115 25 28 22 205 207 203 
8 1116 24 27 21 204 206 202 
8 1117 23 26 20 203 205 201 
8 1118 22 25 19 202 204 200 
8 1119 21 24 18 201 203 199 
8 1120 20 23 17 200 202 198 
8 1121 19 22 16 199 201 197 
8 1122 18 21 15 198 200 196 
8 1123 17 20 14 197 199 195 
8 1124 16 19 13 196 198 194 
8 1125 15 18 12 195 197 193 
8 1126 14 17 11 194 196 192 
8 1127 13 16 10 193 195 191 
8 1128 12 15 9 192 194 190 
8 1129 11 14 8 191 193 189 
8 1130 10 13 7 190 192 188 
8 1131 9 12 6 189 191 187 
8 1132 8 11 5 188 190 186 
8 1133 7 10 4 187 189 185 
8 1134 6 9 3 186 188 184 
8 1135 5 8 2 185 187 183 
8 1136 4 7 1 184 186 182 
8 1137 3 6 0 183 185 181 
8 1138 2 5 0 182 184 180 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
8 1139 1 4 0 181 183 179 
9 1140 180 185 175 180 185 175 
9 1141 179 184 174 179 184 174 
9 1142 178 183 173 178 183 173 
9 1143 177 182 172 177 182 172 
9 1144 176 181 171 176 181 171 
9 1145 175 180 170 175 180 170 
9 1146 174 179 169 174 179 169 
9 1147 173 178 168 173 178 168 
9 1148 172 177 167 172 177 167 
9 1149 171 176 166 171 176 166 
9 1150 170 175 165 170 175 165 
9 1151 169 174 164 169 174 164 
9 1152 168 173 163 168 173 163 
9 1153 167 172 162 167 172 162 
9 1154 166 171 161 166 171 161 
9 1155 165 170 160 165 170 160 
9 1156 164 169 159 164 169 159 
9 1157 163 168 158 163 168 158 
9 1158 162 167 157 162 167 157 
9 1159 161 166 156 161 166 156 
9 1160 160 165 155 160 165 155 
9 1161 159 164 154 159 164 154 
9 1162 158 163 153 158 163 153 
9 1163 157 162 152 157 162 152 
9 1164 156 161 151 156 161 151 
9 1165 155 160 150 155 160 150 
9 1166 154 159 149 154 159 149 
9 1167 153 158 148 153 158 148 
9 1168 152 157 147 152 157 147 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1169 151 156 146 151 156 146 
9 1170 150 155 145 150 155 145 
9 1171 149 154 144 149 154 144 
9 1172 148 153 143 148 153 143 
9 1173 147 152 142 147 152 142 
9 1174 146 151 141 146 151 141 
9 1175 145 150 140 145 150 140 
9 1176 144 149 139 144 149 139 
9 1177 143 148 138 143 148 138 
9 1178 142 147 137 142 147 137 
9 1179 141 146 136 141 146 136 
9 1180 140 145 135 140 145 135 
9 1181 139 144 134 139 144 134 
9 1182 138 143 133 138 143 133 
9 1183 137 142 132 137 142 132 
9 1184 136 141 131 136 141 131 
9 1185 135 140 130 135 140 130 
9 1186 134 139 129 134 139 129 
9 1187 133 138 128 133 138 128 
9 1188 132 137 127 132 137 127 
9 1189 131 136 126 131 136 126 
9 1190 130 135 125 130 135 125 
9 1191 129 134 124 129 134 124 
9 1192 128 133 123 128 133 123 
9 1193 127 132 122 127 132 122 
9 1194 126 131 121 126 131 121 
9 1195 125 130 120 125 130 120 
9 1196 124 129 119 124 129 119 
9 1197 123 128 118 123 128 118 
9 1198 122 127 117 122 127 117 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1199 121 126 116 121 126 116 
9 1200 120 125 115 120 125 115 
9 1201 119 124 114 119 124 114 
9 1202 118 123 113 118 123 113 
9 1203 117 122 112 117 122 112 
9 1204 116 121 111 116 121 111 
9 1205 115 120 110 115 120 110 
9 1206 114 119 109 114 119 109 
9 1207 113 118 108 113 118 108 
9 1208 112 117 107 112 117 107 
9 1209 111 116 106 111 116 106 
9 1210 110 115 105 110 115 105 
9 1211 109 114 104 109 114 104 
9 1212 108 113 103 108 113 103 
9 1213 107 112 102 107 112 102 
9 1214 106 111 101 106 111 101 
9 1215 105 110 100 105 110 100 
9 1216 104 109 99 104 109 99 
9 1217 103 108 98 103 108 98 
9 1218 102 107 97 102 107 97 
9 1219 101 106 96 101 106 96 
9 1220 100 105 95 100 105 95 
9 1221 99 104 94 99 104 94 
9 1222 98 103 93 98 103 93 
9 1223 97 102 92 97 102 92 
9 1224 96 101 91 96 101 91 
9 1225 95 100 90 95 100 90 
9 1226 94 99 89 94 99 89 
9 1227 93 98 88 93 98 88 
9 1228 92 97 87 92 97 87 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1229 91 96 86 91 96 86 
9 1230 90 95 85 90 95 85 
9 1231 89 94 84 89 94 84 
9 1232 88 93 83 88 93 83 
9 1233 87 92 82 87 92 82 
9 1234 86 91 81 86 91 81 
9 1235 85 90 80 85 90 80 
9 1236 84 89 79 84 89 79 
9 1237 83 88 78 83 88 78 
9 1238 82 87 77 82 87 77 
9 1239 81 86 76 81 86 76 
9 1240 80 85 75 80 85 75 
9 1241 79 84 74 79 84 74 
9 1242 78 83 73 78 83 73 
9 1243 77 82 72 77 82 72 
9 1244 76 81 71 76 81 71 
9 1245 75 80 70 75 80 70 
9 1246 74 79 69 74 79 69 
9 1247 73 78 68 73 78 68 
9 1248 72 77 67 72 77 67 
9 1249 71 76 66 71 76 66 
9 1250 70 75 65 70 75 65 
9 1251 69 74 64 69 74 64 
9 1252 68 73 63 68 73 63 
9 1253 67 72 62 67 72 62 
9 1254 66 71 61 66 71 61 
9 1255 65 70 60 65 70 60 
9 1256 64 69 59 64 69 59 
9 1257 63 68 58 63 68 58 
9 1258 62 67 57 62 67 57 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1259 61 66 56 61 66 56 
9 1260 60 65 55 60 65 55 
9 1261 59 64 54 59 64 54 
9 1262 58 63 53 58 63 53 
9 1263 57 62 52 57 62 52 
9 1264 56 61 51 56 61 51 
9 1265 55 60 50 55 60 50 
9 1266 54 59 49 54 59 49 
9 1267 53 58 48 53 58 48 
9 1268 52 57 47 52 57 47 
9 1269 51 56 46 51 56 46 
9 1270 50 55 45 50 55 45 
9 1271 49 54 44 49 54 44 
9 1272 48 53 43 48 53 43 
9 1273 47 52 42 47 52 42 
9 1274 46 51 41 46 51 41 
9 1275 45 50 40 45 50 40 
9 1276 44 49 39 44 49 39 
9 1277 43 48 38 43 48 38 
9 1278 42 47 37 42 47 37 
9 1279 41 46 36 41 46 36 
9 1280 40 45 35 40 45 35 
9 1281 39 44 34 39 44 34 
9 1282 38 43 33 38 43 33 
9 1283 37 42 32 37 42 32 
9 1284 36 41 31 36 41 31 
9 1285 35 40 30 35 40 30 
9 1286 34 39 29 34 39 29 
9 1287 33 38 28 33 38 28 
9 1288 32 37 27 32 37 27 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1289 31 36 26 31 36 26 
9 1290 30 35 25 30 35 25 
9 1291 29 34 24 29 34 24 
9 1292 28 33 23 28 33 23 
9 1293 27 32 22 27 32 22 
9 1294 26 31 21 26 31 21 
9 1295 25 30 20 25 30 20 
9 1296 24 29 19 24 29 19 
9 1297 23 28 18 23 28 18 
9 1298 22 27 17 22 27 17 
9 1299 21 26 16 21 26 16 
9 1300 20 25 15 20 25 15 
9 1301 19 24 14 19 24 14 
9 1302 18 23 13 18 23 13 
9 1303 17 22 12 17 22 12 
9 1304 16 21 11 16 21 11 
9 1305 15 20 10 15 20 10 
9 1306 14 19 9 14 19 9 
9 1307 13 18 8 13 18 8 
9 1308 12 17 7 12 17 7 
9 1309 11 16 6 11 16 6 
9 1310 10 15 5 10 15 5 
9 1311 9 14 4 9 14 4 
9 1312 8 13 3 8 13 3 
9 1313 7 12 2 7 12 2 
9 1314 6 11 1 6 11 1 
9 1315 5 10 0 5 10 0 
9 1316 4 9 0 4 9 0 
9 1317 3 8 0 3 8 0 
9 1318 2 7 0 2 7 0 
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Table A 6 Predictor RUL Initial Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1319 1 6 0 1 6 0 
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Table A 7 Predictor RUL Second Life Curve  
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
1 0 120 130 110 1320 1330 1310 
1 1 119 129 109 1319 1329 1309 
1 2 118 128 108 1318 1328 1308 
1 3 117 127 107 1317 1327 1307 
1 4 116 126 106 1316 1326 1306 
1 5 115 125 105 1315 1325 1305 
1 6 114 124 104 1314 1324 1304 
1 7 113 123 103 1313 1323 1303 
1 8 112 122 102 1312 1322 1302 
1 9 111 121 101 1311 1321 1301 
1 10 110 120 100 1310 1320 1300 
1 11 109 119 99 1309 1319 1299 
1 12 108 118 98 1308 1318 1298 
1 13 107 117 97 1307 1317 1297 
1 14 106 116 96 1306 1316 1296 
1 15 105 115 95 1305 1315 1295 
1 16 104 114 94 1304 1314 1294 
1 17 103 113 93 1303 1313 1293 
1 18 102 112 92 1302 1312 1292 
1 19 101 111 91 1301 1311 1291 
1 20 100 110 90 1300 1310 1290 
1 21 99 109 89 1299 1309 1289 
1 22 98 108 88 1298 1308 1288 
1 23 97 107 87 1297 1307 1287 
1 24 96 106 86 1296 1306 1286 
1 25 95 105 85 1295 1305 1285 
1 26 94 104 84 1294 1304 1284 
1 27 93 103 83 1293 1303 1283 
1 28 92 102 82 1292 1302 1282 
1 29 91 101 81 1291 1301 1281 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
1 30 90 100 80 1290 1300 1280 
1 31 89 99 79 1289 1299 1279 
1 32 88 98 78 1288 1298 1278 
1 33 87 97 77 1287 1297 1277 
1 34 86 96 76 1286 1296 1276 
1 35 85 95 75 1285 1295 1275 
1 36 84 94 74 1284 1294 1274 
1 37 83 93 73 1283 1293 1273 
1 38 82 92 72 1282 1292 1272 
1 39 81 91 71 1281 1291 1271 
1 40 80 90 70 1280 1290 1270 
1 41 79 89 69 1279 1289 1269 
1 42 78 88 68 1278 1288 1268 
1 43 77 87 67 1277 1287 1267 
1 44 76 86 66 1276 1286 1266 
1 45 75 85 65 1275 1285 1265 
1 46 74 84 64 1274 1284 1264 
1 47 73 83 63 1273 1283 1263 
1 48 72 82 62 1272 1282 1262 
1 49 71 81 61 1271 1281 1261 
1 50 70 80 60 1270 1280 1260 
1 51 69 79 59 1269 1279 1259 
1 52 68 78 58 1268 1278 1258 
1 53 67 77 57 1267 1277 1257 
1 54 66 76 56 1266 1276 1256 
1 55 65 75 55 1265 1275 1255 
1 56 64 74 54 1264 1274 1254 
1 57 63 73 53 1263 1273 1253 
1 58 62 72 52 1262 1272 1252 
1 59 61 71 51 1261 1271 1251 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
1 60 60 70 50 1260 1270 1250 
1 61 59 69 49 1259 1269 1249 
1 62 58 68 48 1258 1268 1248 
1 63 57 67 47 1257 1267 1247 
1 64 56 66 46 1256 1266 1246 
1 65 55 65 45 1255 1265 1245 
1 66 54 64 44 1254 1264 1244 
1 67 53 63 43 1253 1263 1243 
1 68 52 62 42 1252 1262 1242 
1 69 51 61 41 1251 1261 1241 
1 70 50 60 40 1250 1260 1240 
1 71 49 59 39 1249 1259 1239 
1 72 48 58 38 1248 1258 1238 
1 73 47 57 37 1247 1257 1237 
1 74 46 56 36 1246 1256 1236 
1 75 45 55 35 1245 1255 1235 
1 76 44 54 34 1244 1254 1234 
1 77 43 53 33 1243 1253 1233 
1 78 42 52 32 1242 1252 1232 
1 79 41 51 31 1241 1251 1231 
1 80 40 50 30 1240 1250 1230 
1 81 39 49 29 1239 1249 1229 
1 82 38 48 28 1238 1248 1228 
1 83 37 47 27 1237 1247 1227 
1 84 36 46 26 1236 1246 1226 
1 85 35 45 25 1235 1245 1225 
1 86 34 44 24 1234 1244 1224 
1 87 33 43 23 1233 1243 1223 
1 88 32 42 22 1232 1242 1222 
1 89 31 41 21 1231 1241 1221 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
1 90 30 40 20 1230 1240 1220 
1 91 29 39 19 1229 1239 1219 
1 92 28 38 18 1228 1238 1218 
1 93 27 37 17 1227 1237 1217 
1 94 26 36 16 1226 1236 1216 
1 95 25 35 15 1225 1235 1215 
1 96 24 34 14 1224 1234 1214 
1 97 23 33 13 1223 1233 1213 
1 98 22 32 12 1222 1232 1212 
1 99 21 31 11 1221 1231 1211 
1 100 20 30 10 1220 1230 1210 
1 101 19 29 9 1219 1229 1209 
1 102 18 28 8 1218 1228 1208 
1 103 17 27 7 1217 1227 1207 
1 104 16 26 6 1216 1226 1206 
1 105 15 25 5 1215 1225 1205 
1 106 14 24 4 1214 1224 1204 
1 107 13 23 3 1213 1223 1203 
1 108 12 22 2 1212 1222 1202 
1 109 11 21 1 1211 1221 1201 
1 110 10 20 0 1210 1220 1200 
1 111 9 19 0 1209 1219 1199 
1 112 8 18 0 1208 1218 1198 
1 113 7 17 0 1207 1217 1197 
1 114 6 16 0 1206 1216 1196 
1 115 5 15 0 1205 1215 1195 
1 116 4 14 0 1204 1214 1194 
1 117 3 13 0 1203 1213 1193 
1 118 2 12 0 1202 1212 1192 
1 119 1 11 0 1201 1211 1191 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 120 300 306 294 1200 1205 1195 
2 121 299 305 293 1199 1204 1194 
2 122 298 304 292 1198 1203 1193 
2 123 297 303 291 1197 1202 1192 
2 124 296 302 290 1196 1201 1191 
2 125 295 301 289 1195 1200 1190 
2 126 294 300 288 1194 1199 1189 
2 127 293 299 287 1193 1198 1188 
2 128 292 298 286 1192 1197 1187 
2 129 291 297 285 1191 1196 1186 
2 130 290 296 284 1190 1195 1185 
2 131 289 295 283 1189 1194 1184 
2 132 288 294 282 1188 1193 1183 
2 133 287 293 281 1187 1192 1182 
2 134 286 292 280 1186 1191 1181 
2 135 285 291 279 1185 1190 1180 
2 136 284 290 278 1184 1189 1179 
2 137 283 289 277 1183 1188 1178 
2 138 282 288 276 1182 1187 1177 
2 139 281 287 275 1181 1186 1176 
2 140 280 286 274 1180 1185 1175 
2 141 279 285 273 1179 1184 1174 
2 142 278 284 272 1178 1183 1173 
2 143 277 283 271 1177 1182 1172 
2 144 276 282 270 1176 1181 1171 
2 145 275 281 269 1175 1180 1170 
2 146 274 280 268 1174 1179 1169 
2 147 273 279 267 1173 1178 1168 
2 148 272 278 266 1172 1177 1167 
2 149 271 277 265 1171 1176 1166 
 155 
 
Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 150 270 276 264 1170 1175 1165 
2 151 269 275 263 1169 1174 1164 
2 152 268 274 262 1168 1173 1163 
2 153 267 273 261 1167 1172 1162 
2 154 266 272 260 1166 1171 1161 
2 155 265 271 259 1165 1170 1160 
2 156 264 270 258 1164 1169 1159 
2 157 263 269 257 1163 1168 1158 
2 158 262 268 256 1162 1167 1157 
2 159 261 267 255 1161 1166 1156 
2 160 260 266 254 1160 1165 1155 
2 161 259 265 253 1159 1164 1154 
2 162 258 264 252 1158 1163 1153 
2 163 257 263 251 1157 1162 1152 
2 164 256 262 250 1156 1161 1151 
2 165 255 261 249 1155 1160 1150 
2 166 254 260 248 1154 1159 1149 
2 167 253 259 247 1153 1158 1148 
2 168 252 258 246 1152 1157 1147 
2 169 251 257 245 1151 1156 1146 
2 170 250 256 244 1150 1155 1145 
2 171 249 255 243 1149 1154 1144 
2 172 248 254 242 1148 1153 1143 
2 173 247 253 241 1147 1152 1142 
2 174 246 252 240 1146 1151 1141 
2 175 245 251 239 1145 1150 1140 
2 176 244 250 238 1144 1149 1139 
2 177 243 249 237 1143 1148 1138 
2 178 242 248 236 1142 1147 1137 
2 179 241 247 235 1141 1146 1136 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 180 240 246 234 1140 1145 1135 
2 181 239 245 233 1139 1144 1134 
2 182 238 244 232 1138 1143 1133 
2 183 237 243 231 1137 1142 1132 
2 184 236 242 230 1136 1141 1131 
2 185 235 241 229 1135 1140 1130 
2 186 234 240 228 1134 1139 1129 
2 187 233 239 227 1133 1138 1128 
2 188 232 238 226 1132 1137 1127 
2 189 231 237 225 1131 1136 1126 
2 190 230 236 224 1130 1135 1125 
2 191 229 235 223 1129 1134 1124 
2 192 228 234 222 1128 1133 1123 
2 193 227 233 221 1127 1132 1122 
2 194 226 232 220 1126 1131 1121 
2 195 225 231 219 1125 1130 1120 
2 196 224 230 218 1124 1129 1119 
2 197 223 229 217 1123 1128 1118 
2 198 222 228 216 1122 1127 1117 
2 199 221 227 215 1121 1126 1116 
2 200 220 226 214 1120 1125 1115 
2 201 219 225 213 1119 1124 1114 
2 202 218 224 212 1118 1123 1113 
2 203 217 223 211 1117 1122 1112 
2 204 216 222 210 1116 1121 1111 
2 205 215 221 209 1115 1120 1110 
2 206 214 220 208 1114 1119 1109 
2 207 213 219 207 1113 1118 1108 
2 208 212 218 206 1112 1117 1107 
2 209 211 217 205 1111 1116 1106 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 210 210 216 204 1110 1115 1105 
2 211 209 215 203 1109 1114 1104 
2 212 208 214 202 1108 1113 1103 
2 213 207 213 201 1107 1112 1102 
2 214 206 212 200 1106 1111 1101 
2 215 205 211 199 1105 1110 1100 
2 216 204 210 198 1104 1109 1099 
2 217 203 209 197 1103 1108 1098 
2 218 202 208 196 1102 1107 1097 
2 219 201 207 195 1101 1106 1096 
2 220 200 206 194 1100 1105 1095 
2 221 199 205 193 1099 1104 1094 
2 222 198 204 192 1098 1103 1093 
2 223 197 203 191 1097 1102 1092 
2 224 196 202 190 1096 1101 1091 
2 225 195 201 189 1095 1100 1090 
2 226 194 200 188 1094 1099 1089 
2 227 193 199 187 1093 1098 1088 
2 228 192 198 186 1092 1097 1087 
2 229 191 197 185 1091 1096 1086 
2 230 190 196 184 1090 1095 1085 
2 231 189 195 183 1089 1094 1084 
2 232 188 194 182 1088 1093 1083 
2 233 187 193 181 1087 1092 1082 
2 234 186 192 180 1086 1091 1081 
2 235 185 191 179 1085 1090 1080 
2 236 184 190 178 1084 1089 1079 
2 237 183 189 177 1083 1088 1078 
2 238 182 188 176 1082 1087 1077 
2 239 181 187 175 1081 1086 1076 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 240 180 186 174 1080 1085 1075 
2 241 179 185 173 1079 1084 1074 
2 242 178 184 172 1078 1083 1073 
2 243 177 183 171 1077 1082 1072 
2 244 176 182 170 1076 1081 1071 
2 245 175 181 169 1075 1080 1070 
2 246 174 180 168 1074 1079 1069 
2 247 173 179 167 1073 1078 1068 
2 248 172 178 166 1072 1077 1067 
2 249 171 177 165 1071 1076 1066 
2 250 170 176 164 1070 1075 1065 
2 251 169 175 163 1069 1074 1064 
2 252 168 174 162 1068 1073 1063 
2 253 167 173 161 1067 1072 1062 
2 254 166 172 160 1066 1071 1061 
2 255 165 171 159 1065 1070 1060 
2 256 164 170 158 1064 1069 1059 
2 257 163 169 157 1063 1068 1058 
2 258 162 168 156 1062 1067 1057 
2 259 161 167 155 1061 1066 1056 
2 260 160 166 154 1060 1065 1055 
2 261 159 165 153 1059 1064 1054 
2 262 158 164 152 1058 1063 1053 
2 263 157 163 151 1057 1062 1052 
2 264 156 162 150 1056 1061 1051 
2 265 155 161 149 1055 1060 1050 
2 266 154 160 148 1054 1059 1049 
2 267 153 159 147 1053 1058 1048 
2 268 152 158 146 1052 1057 1047 
2 269 151 157 145 1051 1056 1046 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 270 150 156 144 1050 1055 1045 
2 271 149 155 143 1049 1054 1044 
2 272 148 154 142 1048 1053 1043 
2 273 147 153 141 1047 1052 1042 
2 274 146 152 140 1046 1051 1041 
2 275 145 151 139 1045 1050 1040 
2 276 144 150 138 1044 1049 1039 
2 277 143 149 137 1043 1048 1038 
2 278 142 148 136 1042 1047 1037 
2 279 141 147 135 1041 1046 1036 
2 280 140 146 134 1040 1045 1035 
2 281 139 145 133 1039 1044 1034 
2 282 138 144 132 1038 1043 1033 
2 283 137 143 131 1037 1042 1032 
2 284 136 142 130 1036 1041 1031 
2 285 135 141 129 1035 1040 1030 
2 286 134 140 128 1034 1039 1029 
2 287 133 139 127 1033 1038 1028 
2 288 132 138 126 1032 1037 1027 
2 289 131 137 125 1031 1036 1026 
2 290 130 136 124 1030 1035 1025 
2 291 129 135 123 1029 1034 1024 
2 292 128 134 122 1028 1033 1023 
2 293 127 133 121 1027 1032 1022 
2 294 126 132 120 1026 1031 1021 
2 295 125 131 119 1025 1030 1020 
2 296 124 130 118 1024 1029 1019 
2 297 123 129 117 1023 1028 1018 
2 298 122 128 116 1022 1027 1017 
2 299 121 127 115 1021 1026 1016 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 300 120 126 114 1020 1025 1015 
2 301 119 125 113 1019 1024 1014 
2 302 118 124 112 1018 1023 1013 
2 303 117 123 111 1017 1022 1012 
2 304 116 122 110 1016 1021 1011 
2 305 115 121 109 1015 1020 1010 
2 306 114 120 108 1014 1019 1009 
2 307 113 119 107 1013 1018 1008 
2 308 112 118 106 1012 1017 1007 
2 309 111 117 105 1011 1016 1006 
2 310 110 116 104 1010 1015 1005 
2 311 109 115 103 1009 1014 1004 
2 312 108 114 102 1008 1013 1003 
2 313 107 113 101 1007 1012 1002 
2 314 106 112 100 1006 1011 1001 
2 315 105 111 99 1005 1010 1000 
2 316 104 110 98 1004 1009 999 
2 317 103 109 97 1003 1008 998 
2 318 102 108 96 1002 1007 997 
2 319 101 107 95 1001 1006 996 
2 320 100 106 94 1000 1005 995 
2 321 99 105 93 999 1004 994 
2 322 98 104 92 998 1003 993 
2 323 97 103 91 997 1002 992 
2 324 96 102 90 996 1001 991 
2 325 95 101 89 995 1000 990 
2 326 94 100 88 994 999 989 
2 327 93 99 87 993 998 988 
2 328 92 98 86 992 997 987 
2 329 91 97 85 991 996 986 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 330 90 96 84 990 995 985 
2 331 89 95 83 989 994 984 
2 332 88 94 82 988 993 983 
2 333 87 93 81 987 992 982 
2 334 86 92 80 986 991 981 
2 335 85 91 79 985 990 980 
2 336 84 90 78 984 989 979 
2 337 83 89 77 983 988 978 
2 338 82 88 76 982 987 977 
2 339 81 87 75 981 986 976 
2 340 80 86 74 980 985 975 
2 341 79 85 73 979 984 974 
2 342 78 84 72 978 983 973 
2 343 77 83 71 977 982 972 
2 344 76 82 70 976 981 971 
2 345 75 81 69 975 980 970 
2 346 74 80 68 974 979 969 
2 347 73 79 67 973 978 968 
2 348 72 78 66 972 977 967 
2 349 71 77 65 971 976 966 
2 350 70 76 64 970 975 965 
2 351 69 75 63 969 974 964 
2 352 68 74 62 968 973 963 
2 353 67 73 61 967 972 962 
2 354 66 72 60 966 971 961 
2 355 65 71 59 965 970 960 
2 356 64 70 58 964 969 959 
2 357 63 69 57 963 968 958 
2 358 62 68 56 962 967 957 
2 359 61 67 55 961 966 956 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 360 60 66 54 960 965 955 
2 361 59 65 53 959 964 954 
2 362 58 64 52 958 963 953 
2 363 57 63 51 957 962 952 
2 364 56 62 50 956 961 951 
2 365 55 61 49 955 960 950 
2 366 54 60 48 954 959 949 
2 367 53 59 47 953 958 948 
2 368 52 58 46 952 957 947 
2 369 51 57 45 951 956 946 
2 370 50 56 44 950 955 945 
2 371 49 55 43 949 954 944 
2 372 48 54 42 948 953 943 
2 373 47 53 41 947 952 942 
2 374 46 52 40 946 951 941 
2 375 45 51 39 945 950 940 
2 376 44 50 38 944 949 939 
2 377 43 49 37 943 948 938 
2 378 42 48 36 942 947 937 
2 379 41 47 35 941 946 936 
2 380 40 46 34 940 945 935 
2 381 39 45 33 939 944 934 
2 382 38 44 32 938 943 933 
2 383 37 43 31 937 942 932 
2 384 36 42 30 936 941 931 
2 385 35 41 29 935 940 930 
2 386 34 40 28 934 939 929 
2 387 33 39 27 933 938 928 
2 388 32 38 26 932 937 927 
2 389 31 37 25 931 936 926 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
2 390 30 36 24 930 935 925 
2 391 29 35 23 929 934 924 
2 392 28 34 22 928 933 923 
2 393 27 33 21 927 932 922 
2 394 26 32 20 926 931 921 
2 395 25 31 19 925 930 920 
2 396 24 30 18 924 929 919 
2 397 23 29 17 923 928 918 
2 398 22 28 16 922 927 917 
2 399 21 27 15 921 926 916 
2 400 20 26 14 920 925 915 
2 401 19 25 13 919 924 914 
2 402 18 24 12 918 923 913 
2 403 17 23 11 917 922 912 
2 404 16 22 10 916 921 911 
2 405 15 21 9 915 920 910 
2 406 14 20 8 914 919 909 
2 407 13 19 7 913 918 908 
2 408 12 18 6 912 917 907 
2 409 11 17 5 911 916 906 
2 410 10 16 4 910 915 905 
2 411 9 15 3 909 914 904 
2 412 8 14 2 908 913 903 
2 413 7 13 1 907 912 902 
2 414 6 12 0 906 911 901 
2 415 5 11 0 905 910 900 
2 416 4 10 0 904 909 899 
2 417 3 9 0 903 908 898 
2 418 2 8 0 902 907 897 
2 419 1 7 0 901 906 896 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
3 420 60 68 52 900 905 895 
3 421 59 67 51 899 904 894 
3 422 58 66 50 898 903 893 
3 423 57 65 49 897 902 892 
3 424 56 64 48 896 901 891 
3 425 55 63 47 895 900 890 
3 426 54 62 46 894 899 889 
3 427 53 61 45 893 898 888 
3 428 52 60 44 892 897 887 
3 429 51 59 43 891 896 886 
3 430 50 58 42 890 895 885 
3 431 49 57 41 889 894 884 
3 432 48 56 40 888 893 883 
3 433 47 55 39 887 892 882 
3 434 46 54 38 886 891 881 
3 435 45 53 37 885 890 880 
3 436 44 52 36 884 889 879 
3 437 43 51 35 883 888 878 
3 438 42 50 34 882 887 877 
3 439 41 49 33 881 886 876 
3 440 40 48 32 880 885 875 
3 441 39 47 31 879 884 874 
3 442 38 46 30 878 883 873 
3 443 37 45 29 877 882 872 
3 444 36 44 28 876 881 871 
3 445 35 43 27 875 880 870 
3 446 34 42 26 874 879 869 
3 447 33 41 25 873 878 868 
3 448 32 40 24 872 877 867 
3 449 31 39 23 871 876 866 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
3 450 30 38 22 870 875 865 
3 451 29 37 21 869 874 864 
3 452 28 36 20 868 873 863 
3 453 27 35 19 867 872 862 
3 454 26 34 18 866 871 861 
3 455 25 33 17 865 870 860 
3 456 24 32 16 864 869 859 
3 457 23 31 15 863 868 858 
3 458 22 30 14 862 867 857 
3 459 21 29 13 861 866 856 
3 460 20 28 12 860 865 855 
3 461 19 27 11 859 864 854 
3 462 18 26 10 858 863 853 
3 463 17 25 9 857 862 852 
3 464 16 24 8 856 861 851 
3 465 15 23 7 855 860 850 
3 466 14 22 6 854 859 849 
3 467 13 21 5 853 858 848 
3 468 12 20 4 852 857 847 
3 469 11 19 3 851 856 846 
3 470 10 18 2 850 855 845 
3 471 9 17 1 849 854 844 
3 472 8 16 0 848 853 843 
3 473 7 15 0 847 852 842 
3 474 6 14 0 846 851 841 
3 475 5 13 0 845 850 840 
3 476 4 12 0 844 849 839 
3 477 3 11 0 843 848 838 
3 478 2 10 0 842 847 837 
3 479 1 9 0 841 846 836 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
4 480 60 65 55 840 844 836 
4 481 59 64 54 839 843 835 
4 482 58 63 53 838 842 834 
4 483 57 62 52 837 841 833 
4 484 56 61 51 836 840 832 
4 485 55 60 50 835 839 831 
4 486 54 59 49 834 838 830 
4 487 53 58 48 833 837 829 
4 488 52 57 47 832 836 828 
4 489 51 56 46 831 835 827 
4 490 50 55 45 830 834 826 
4 491 49 54 44 829 833 825 
4 492 48 53 43 828 832 824 
4 493 47 52 42 827 831 823 
4 494 46 51 41 826 830 822 
4 495 45 50 40 825 829 821 
4 496 44 49 39 824 828 820 
4 497 43 48 38 823 827 819 
4 498 42 47 37 822 826 818 
4 499 41 46 36 821 825 817 
4 500 40 45 35 820 824 816 
4 501 39 44 34 819 823 815 
4 502 38 43 33 818 822 814 
4 503 37 42 32 817 821 813 
4 504 36 41 31 816 820 812 
4 505 35 40 30 815 819 811 
4 506 34 39 29 814 818 810 
4 507 33 38 28 813 817 809 
4 508 32 37 27 812 816 808 
4 509 31 36 26 811 815 807 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
4 510 30 35 25 810 814 806 
4 511 29 34 24 809 813 805 
4 512 28 33 23 808 812 804 
4 513 27 32 22 807 811 803 
4 514 26 31 21 806 810 802 
4 515 25 30 20 805 809 801 
4 516 24 29 19 804 808 800 
4 517 23 28 18 803 807 799 
4 518 22 27 17 802 806 798 
4 519 21 26 16 801 805 797 
4 520 20 25 15 800 804 796 
4 521 19 24 14 799 803 795 
4 522 18 23 13 798 802 794 
4 523 17 22 12 797 801 793 
4 524 16 21 11 796 800 792 
4 525 15 20 10 795 799 791 
4 526 14 19 9 794 798 790 
4 527 13 18 8 793 797 789 
4 528 12 17 7 792 796 788 
4 529 11 16 6 791 795 787 
4 530 10 15 5 790 794 786 
4 531 9 14 4 789 793 785 
4 532 8 13 3 788 792 784 
4 533 7 12 2 787 791 783 
4 534 6 11 1 786 790 782 
4 535 5 10 0 785 789 781 
4 536 4 9 0 784 788 780 
4 537 3 8 0 783 787 779 
4 538 2 7 0 782 786 778 
4 539 1 6 0 781 785 777 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 540 210 214 206 780 786 774 
5 541 209 213 205 779 785 773 
5 542 208 212 204 778 784 772 
5 543 207 211 203 777 783 771 
5 544 206 210 202 776 782 770 
5 545 205 209 201 775 781 769 
5 546 204 208 200 774 780 768 
5 547 203 207 199 773 779 767 
5 548 202 206 198 772 778 766 
5 549 201 205 197 771 777 765 
5 550 200 204 196 770 776 764 
5 551 199 203 195 769 775 763 
5 552 198 202 194 768 774 762 
5 553 197 201 193 767 773 761 
5 554 196 200 192 766 772 760 
5 555 195 199 191 765 771 759 
5 556 194 198 190 764 770 758 
5 557 193 197 189 763 769 757 
5 558 192 196 188 762 768 756 
5 559 191 195 187 761 767 755 
5 560 190 194 186 760 766 754 
5 561 189 193 185 759 765 753 
5 562 188 192 184 758 764 752 
5 563 187 191 183 757 763 751 
5 564 186 190 182 756 762 750 
5 565 185 189 181 755 761 749 
5 566 184 188 180 754 760 748 
5 567 183 187 179 753 759 747 
5 568 182 186 178 752 758 746 
5 569 181 185 177 751 757 745 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 570 180 184 176 750 756 744 
5 571 179 183 175 749 755 743 
5 572 178 182 174 748 754 742 
5 573 177 181 173 747 753 741 
5 574 176 180 172 746 752 740 
5 575 175 179 171 745 751 739 
5 576 174 178 170 744 750 738 
5 577 173 177 169 743 749 737 
5 578 172 176 168 742 748 736 
5 579 171 175 167 741 747 735 
5 580 170 174 166 740 746 734 
5 581 169 173 165 739 745 733 
5 582 168 172 164 738 744 732 
5 583 167 171 163 737 743 731 
5 584 166 170 162 736 742 730 
5 585 165 169 161 735 741 729 
5 586 164 168 160 734 740 728 
5 587 163 167 159 733 739 727 
5 588 162 166 158 732 738 726 
5 589 161 165 157 731 737 725 
5 590 160 164 156 730 736 724 
5 591 159 163 155 729 735 723 
5 592 158 162 154 728 734 722 
5 593 157 161 153 727 733 721 
5 594 156 160 152 726 732 720 
5 595 155 159 151 725 731 719 
5 596 154 158 150 724 730 718 
5 597 153 157 149 723 729 717 
5 598 152 156 148 722 728 716 
5 599 151 155 147 721 727 715 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 600 150 154 146 720 726 714 
5 601 149 153 145 719 725 713 
5 602 148 152 144 718 724 712 
5 603 147 151 143 717 723 711 
5 604 146 150 142 716 722 710 
5 605 145 149 141 715 721 709 
5 606 144 148 140 714 720 708 
5 607 143 147 139 713 719 707 
5 608 142 146 138 712 718 706 
5 609 141 145 137 711 717 705 
5 610 140 144 136 710 716 704 
5 611 139 143 135 709 715 703 
5 612 138 142 134 708 714 702 
5 613 137 141 133 707 713 701 
5 614 136 140 132 706 712 700 
5 615 135 139 131 705 711 699 
5 616 134 138 130 704 710 698 
5 617 133 137 129 703 709 697 
5 618 132 136 128 702 708 696 
5 619 131 135 127 701 707 695 
5 620 130 134 126 700 706 694 
5 621 129 133 125 699 705 693 
5 622 128 132 124 698 704 692 
5 623 127 131 123 697 703 691 
5 624 126 130 122 696 702 690 
5 625 125 129 121 695 701 689 
5 626 124 128 120 694 700 688 
5 627 123 127 119 693 699 687 
5 628 122 126 118 692 698 686 
5 629 121 125 117 691 697 685 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 630 120 124 116 690 696 684 
5 631 119 123 115 689 695 683 
5 632 118 122 114 688 694 682 
5 633 117 121 113 687 693 681 
5 634 116 120 112 686 692 680 
5 635 115 119 111 685 691 679 
5 636 114 118 110 684 690 678 
5 637 113 117 109 683 689 677 
5 638 112 116 108 682 688 676 
5 639 111 115 107 681 687 675 
5 640 110 114 106 680 686 674 
5 641 109 113 105 679 685 673 
5 642 108 112 104 678 684 672 
5 643 107 111 103 677 683 671 
5 644 106 110 102 676 682 670 
5 645 105 109 101 675 681 669 
5 646 104 108 100 674 680 668 
5 647 103 107 99 673 679 667 
5 648 102 106 98 672 678 666 
5 649 101 105 97 671 677 665 
5 650 100 104 96 670 676 664 
5 651 99 103 95 669 675 663 
5 652 98 102 94 668 674 662 
5 653 97 101 93 667 673 661 
5 654 96 100 92 666 672 660 
5 655 95 99 91 665 671 659 
5 656 94 98 90 664 670 658 
5 657 93 97 89 663 669 657 
5 658 92 96 88 662 668 656 
5 659 91 95 87 661 667 655 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 660 90 94 86 660 666 654 
5 661 89 93 85 659 665 653 
5 662 88 92 84 658 664 652 
5 663 87 91 83 657 663 651 
5 664 86 90 82 656 662 650 
5 665 85 89 81 655 661 649 
5 666 84 88 80 654 660 648 
5 667 83 87 79 653 659 647 
5 668 82 86 78 652 658 646 
5 669 81 85 77 651 657 645 
5 670 80 84 76 650 656 644 
5 671 79 83 75 649 655 643 
5 672 78 82 74 648 654 642 
5 673 77 81 73 647 653 641 
5 674 76 80 72 646 652 640 
5 675 75 79 71 645 651 639 
5 676 74 78 70 644 650 638 
5 677 73 77 69 643 649 637 
5 678 72 76 68 642 648 636 
5 679 71 75 67 641 647 635 
5 680 70 74 66 640 646 634 
5 681 69 73 65 639 645 633 
5 682 68 72 64 638 644 632 
5 683 67 71 63 637 643 631 
5 684 66 70 62 636 642 630 
5 685 65 69 61 635 641 629 
5 686 64 68 60 634 640 628 
5 687 63 67 59 633 639 627 
5 688 62 66 58 632 638 626 
5 689 61 65 57 631 637 625 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 690 60 64 56 630 636 624 
5 691 59 63 55 629 635 623 
5 692 58 62 54 628 634 622 
5 693 57 61 53 627 633 621 
5 694 56 60 52 626 632 620 
5 695 55 59 51 625 631 619 
5 696 54 58 50 624 630 618 
5 697 53 57 49 623 629 617 
5 698 52 56 48 622 628 616 
5 699 51 55 47 621 627 615 
5 700 50 54 46 620 626 614 
5 701 49 53 45 619 625 613 
5 702 48 52 44 618 624 612 
5 703 47 51 43 617 623 611 
5 704 46 50 42 616 622 610 
5 705 45 49 41 615 621 609 
5 706 44 48 40 614 620 608 
5 707 43 47 39 613 619 607 
5 708 42 46 38 612 618 606 
5 709 41 45 37 611 617 605 
5 710 40 44 36 610 616 604 
5 711 39 43 35 609 615 603 
5 712 38 42 34 608 614 602 
5 713 37 41 33 607 613 601 
5 714 36 40 32 606 612 600 
5 715 35 39 31 605 611 599 
5 716 34 38 30 604 610 598 
5 717 33 37 29 603 609 597 
5 718 32 36 28 602 608 596 
5 719 31 35 27 601 607 595 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
5 720 30 34 26 600 606 594 
5 721 29 33 25 599 605 593 
5 722 28 32 24 598 604 592 
5 723 27 31 23 597 603 591 
5 724 26 30 22 596 602 590 
5 725 25 29 21 595 601 589 
5 726 24 28 20 594 600 588 
5 727 23 27 19 593 599 587 
5 728 22 26 18 592 598 586 
5 729 21 25 17 591 597 585 
5 730 20 24 16 590 596 584 
5 731 19 23 15 589 595 583 
5 732 18 22 14 588 594 582 
5 733 17 21 13 587 593 581 
5 734 16 20 12 586 592 580 
5 735 15 19 11 585 591 579 
5 736 14 18 10 584 590 578 
5 737 13 17 9 583 589 577 
5 738 12 16 8 582 588 576 
5 739 11 15 7 581 587 575 
5 740 10 14 6 580 586 574 
5 741 9 13 5 579 585 573 
5 742 8 12 4 578 584 572 
5 743 7 11 3 577 583 571 
5 744 6 10 2 576 582 570 
5 745 5 9 1 575 581 569 
5 746 4 8 0 574 580 568 
5 747 3 7 0 573 579 567 
5 748 2 6 0 572 578 566 
5 749 1 5 0 571 577 565 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
6 750 60 68 52 570 576 564 
6 751 59 67 51 569 575 563 
6 752 58 66 50 568 574 562 
6 753 57 65 49 567 573 561 
6 754 56 64 48 566 572 560 
6 755 55 63 47 565 571 559 
6 756 54 62 46 564 570 558 
6 757 53 61 45 563 569 557 
6 758 52 60 44 562 568 556 
6 759 51 59 43 561 567 555 
6 760 50 58 42 560 566 554 
6 761 49 57 41 559 565 553 
6 762 48 56 40 558 564 552 
6 763 47 55 39 557 563 551 
6 764 46 54 38 556 562 550 
6 765 45 53 37 555 561 549 
6 766 44 52 36 554 560 548 
6 767 43 51 35 553 559 547 
6 768 42 50 34 552 558 546 
6 769 41 49 33 551 557 545 
6 770 40 48 32 550 556 544 
6 771 39 47 31 549 555 543 
6 772 38 46 30 548 554 542 
6 773 37 45 29 547 553 541 
6 774 36 44 28 546 552 540 
6 775 35 43 27 545 551 539 
6 776 34 42 26 544 550 538 
6 777 33 41 25 543 549 537 
6 778 32 40 24 542 548 536 
6 779 31 39 23 541 547 535 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
6 780 30 38 22 540 546 534 
6 781 29 37 21 539 545 533 
6 782 28 36 20 538 544 532 
6 783 27 35 19 537 543 531 
6 784 26 34 18 536 542 530 
6 785 25 33 17 535 541 529 
6 786 24 32 16 534 540 528 
6 787 23 31 15 533 539 527 
6 788 22 30 14 532 538 526 
6 789 21 29 13 531 537 525 
6 790 20 28 12 530 536 524 
6 791 19 27 11 529 535 523 
6 792 18 26 10 528 534 522 
6 793 17 25 9 527 533 521 
6 794 16 24 8 526 532 520 
6 795 15 23 7 525 531 519 
6 796 14 22 6 524 530 518 
6 797 13 21 5 523 529 517 
6 798 12 20 4 522 528 516 
6 799 11 19 3 521 527 515 
6 800 10 18 2 520 526 514 
6 801 9 17 1 519 525 513 
6 802 8 16 0 518 524 512 
6 803 7 15 0 517 523 511 
6 804 6 14 0 516 522 510 
6 805 5 13 0 515 521 509 
6 806 4 12 0 514 520 508 
6 807 3 11 0 513 519 507 
6 808 2 10 0 512 518 506 
6 809 1 9 0 511 517 505 
 177 
 
Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 810 300 306 294 510 518 502 
7 811 299 305 293 509 517 501 
7 812 298 304 292 508 516 500 
7 813 297 303 291 507 515 499 
7 814 296 302 290 506 514 498 
7 815 295 301 289 505 513 497 
7 816 294 300 288 504 512 496 
7 817 293 299 287 503 511 495 
7 818 292 298 286 502 510 494 
7 819 291 297 285 501 509 493 
7 820 290 296 284 500 508 492 
7 821 289 295 283 499 507 491 
7 822 288 294 282 498 506 490 
7 823 287 293 281 497 505 489 
7 824 286 292 280 496 504 488 
7 825 285 291 279 495 503 487 
7 826 284 290 278 494 502 486 
7 827 283 289 277 493 501 485 
7 828 282 288 276 492 500 484 
7 829 281 287 275 491 499 483 
7 830 280 286 274 490 498 482 
7 831 279 285 273 489 497 481 
7 832 278 284 272 488 496 480 
7 833 277 283 271 487 495 479 
7 834 276 282 270 486 494 478 
7 835 275 281 269 485 493 477 
7 836 274 280 268 484 492 476 
7 837 273 279 267 483 491 475 
7 838 272 278 266 482 490 474 
7 839 271 277 265 481 489 473 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 840 270 276 264 480 488 472 
7 841 269 275 263 479 487 471 
7 842 268 274 262 478 486 470 
7 843 267 273 261 477 485 469 
7 844 266 272 260 476 484 468 
7 845 265 271 259 475 483 467 
7 846 264 270 258 474 482 466 
7 847 263 269 257 473 481 465 
7 848 262 268 256 472 480 464 
7 849 261 267 255 471 479 463 
7 850 260 266 254 470 478 462 
7 851 259 265 253 469 477 461 
7 852 258 264 252 468 476 460 
7 853 257 263 251 467 475 459 
7 854 256 262 250 466 474 458 
7 855 255 261 249 465 473 457 
7 856 254 260 248 464 472 456 
7 857 253 259 247 463 471 455 
7 858 252 258 246 462 470 454 
7 859 251 257 245 461 469 453 
7 860 250 256 244 460 468 452 
7 861 249 255 243 459 467 451 
7 862 248 254 242 458 466 450 
7 863 247 253 241 457 465 449 
7 864 246 252 240 456 464 448 
7 865 245 251 239 455 463 447 
7 866 244 250 238 454 462 446 
7 867 243 249 237 453 461 445 
7 868 242 248 236 452 460 444 
7 869 241 247 235 451 459 443 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 870 240 246 234 450 458 442 
7 871 239 245 233 449 457 441 
7 872 238 244 232 448 456 440 
7 873 237 243 231 447 455 439 
7 874 236 242 230 446 454 438 
7 875 235 241 229 445 453 437 
7 876 234 240 228 444 452 436 
7 877 233 239 227 443 451 435 
7 878 232 238 226 442 450 434 
7 879 231 237 225 441 449 433 
7 880 230 236 224 440 448 432 
7 881 229 235 223 439 447 431 
7 882 228 234 222 438 446 430 
7 883 227 233 221 437 445 429 
7 884 226 232 220 436 444 428 
7 885 225 231 219 435 443 427 
7 886 224 230 218 434 442 426 
7 887 223 229 217 433 441 425 
7 888 222 228 216 432 440 424 
7 889 221 227 215 431 439 423 
7 890 220 226 214 430 438 422 
7 891 219 225 213 429 437 421 
7 892 218 224 212 428 436 420 
7 893 217 223 211 427 435 419 
7 894 216 222 210 426 434 418 
7 895 215 221 209 425 433 417 
7 896 214 220 208 424 432 416 
7 897 213 219 207 423 431 415 
7 898 212 218 206 422 430 414 
7 899 211 217 205 421 429 413 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 900 210 216 204 420 428 412 
7 901 209 215 203 419 427 411 
7 902 208 214 202 418 426 410 
7 903 207 213 201 417 425 409 
7 904 206 212 200 416 424 408 
7 905 205 211 199 415 423 407 
7 906 204 210 198 414 422 406 
7 907 203 209 197 413 421 405 
7 908 202 208 196 412 420 404 
7 909 201 207 195 411 419 403 
7 910 200 206 194 410 418 402 
7 911 199 205 193 409 417 401 
7 912 198 204 192 408 416 400 
7 913 197 203 191 407 415 399 
7 914 196 202 190 406 414 398 
7 915 195 201 189 405 413 397 
7 916 194 200 188 404 412 396 
7 917 193 199 187 403 411 395 
7 918 192 198 186 402 410 394 
7 919 191 197 185 401 409 393 
7 920 190 196 184 400 408 392 
7 921 189 195 183 399 407 391 
7 922 188 194 182 398 406 390 
7 923 187 193 181 397 405 389 
7 924 186 192 180 396 404 388 
7 925 185 191 179 395 403 387 
7 926 184 190 178 394 402 386 
7 927 183 189 177 393 401 385 
7 928 182 188 176 392 400 384 
7 929 181 187 175 391 399 383 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 930 180 186 174 390 398 382 
7 931 179 185 173 389 397 381 
7 932 178 184 172 388 396 380 
7 933 177 183 171 387 395 379 
7 934 176 182 170 386 394 378 
7 935 175 181 169 385 393 377 
7 936 174 180 168 384 392 376 
7 937 173 179 167 383 391 375 
7 938 172 178 166 382 390 374 
7 939 171 177 165 381 389 373 
7 940 170 176 164 380 388 372 
7 941 169 175 163 379 387 371 
7 942 168 174 162 378 386 370 
7 943 167 173 161 377 385 369 
7 944 166 172 160 376 384 368 
7 945 165 171 159 375 383 367 
7 946 164 170 158 374 382 366 
7 947 163 169 157 373 381 365 
7 948 162 168 156 372 380 364 
7 949 161 167 155 371 379 363 
7 950 160 166 154 370 378 362 
7 951 159 165 153 369 377 361 
7 952 158 164 152 368 376 360 
7 953 157 163 151 367 375 359 
7 954 156 162 150 366 374 358 
7 955 155 161 149 365 373 357 
7 956 154 160 148 364 372 356 
7 957 153 159 147 363 371 355 
7 958 152 158 146 362 370 354 
7 959 151 157 145 361 369 353 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 960 150 156 144 360 368 352 
7 961 149 155 143 359 367 351 
7 962 148 154 142 358 366 350 
7 963 147 153 141 357 365 349 
7 964 146 152 140 356 364 348 
7 965 145 151 139 355 363 347 
7 966 144 150 138 354 362 346 
7 967 143 149 137 353 361 345 
7 968 142 148 136 352 360 344 
7 969 141 147 135 351 359 343 
7 970 140 146 134 350 358 342 
7 971 139 145 133 349 357 341 
7 972 138 144 132 348 356 340 
7 973 137 143 131 347 355 339 
7 974 136 142 130 346 354 338 
7 975 135 141 129 345 353 337 
7 976 134 140 128 344 352 336 
7 977 133 139 127 343 351 335 
7 978 132 138 126 342 350 334 
7 979 131 137 125 341 349 333 
7 980 130 136 124 340 348 332 
7 981 129 135 123 339 347 331 
7 982 128 134 122 338 346 330 
7 983 127 133 121 337 345 329 
7 984 126 132 120 336 344 328 
7 985 125 131 119 335 343 327 
7 986 124 130 118 334 342 326 
7 987 123 129 117 333 341 325 
7 988 122 128 116 332 340 324 
7 989 121 127 115 331 339 323 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 990 120 126 114 330 338 322 
7 991 119 125 113 329 337 321 
7 992 118 124 112 328 336 320 
7 993 117 123 111 327 335 319 
7 994 116 122 110 326 334 318 
7 995 115 121 109 325 333 317 
7 996 114 120 108 324 332 316 
7 997 113 119 107 323 331 315 
7 998 112 118 106 322 330 314 
7 999 111 117 105 321 329 313 
7 1000 110 116 104 320 328 312 
7 1001 109 115 103 319 327 311 
7 1002 108 114 102 318 326 310 
7 1003 107 113 101 317 325 309 
7 1004 106 112 100 316 324 308 
7 1005 105 111 99 315 323 307 
7 1006 104 110 98 314 322 306 
7 1007 103 109 97 313 321 305 
7 1008 102 108 96 312 320 304 
7 1009 101 107 95 311 319 303 
7 1010 100 106 94 310 318 302 
7 1011 99 105 93 309 317 301 
7 1012 98 104 92 308 316 300 
7 1013 97 103 91 307 315 299 
7 1014 96 102 90 306 314 298 
7 1015 95 101 89 305 313 297 
7 1016 94 100 88 304 312 296 
7 1017 93 99 87 303 311 295 
7 1018 92 98 86 302 310 294 
7 1019 91 97 85 301 309 293 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 1020 90 96 84 300 308 292 
7 1021 89 95 83 299 307 291 
7 1022 88 94 82 298 306 290 
7 1023 87 93 81 297 305 289 
7 1024 86 92 80 296 304 288 
7 1025 85 91 79 295 303 287 
7 1026 84 90 78 294 302 286 
7 1027 83 89 77 293 301 285 
7 1028 82 88 76 292 300 284 
7 1029 81 87 75 291 299 283 
7 1030 80 86 74 290 298 282 
7 1031 79 85 73 289 297 281 
7 1032 78 84 72 288 296 280 
7 1033 77 83 71 287 295 279 
7 1034 76 82 70 286 294 278 
7 1035 75 81 69 285 293 277 
7 1036 74 80 68 284 292 276 
7 1037 73 79 67 283 291 275 
7 1038 72 78 66 282 290 274 
7 1039 71 77 65 281 289 273 
7 1040 70 76 64 280 288 272 
7 1041 69 75 63 279 287 271 
7 1042 68 74 62 278 286 270 
7 1043 67 73 61 277 285 269 
7 1044 66 72 60 276 284 268 
7 1045 65 71 59 275 283 267 
7 1046 64 70 58 274 282 266 
7 1047 63 69 57 273 281 265 
7 1048 62 68 56 272 280 264 
7 1049 61 67 55 271 279 263 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 1050 60 66 54 270 278 262 
7 1051 59 65 53 269 277 261 
7 1052 58 64 52 268 276 260 
7 1053 57 63 51 267 275 259 
7 1054 56 62 50 266 274 258 
7 1055 55 61 49 265 273 257 
7 1056 54 60 48 264 272 256 
7 1057 53 59 47 263 271 255 
7 1058 52 58 46 262 270 254 
7 1059 51 57 45 261 269 253 
7 1060 50 56 44 260 268 252 
7 1061 49 55 43 259 267 251 
7 1062 48 54 42 258 266 250 
7 1063 47 53 41 257 265 249 
7 1064 46 52 40 256 264 248 
7 1065 45 51 39 255 263 247 
7 1066 44 50 38 254 262 246 
7 1067 43 49 37 253 261 245 
7 1068 42 48 36 252 260 244 
7 1069 41 47 35 251 259 243 
7 1070 40 46 34 250 258 242 
7 1071 39 45 33 249 257 241 
7 1072 38 44 32 248 256 240 
7 1073 37 43 31 247 255 239 
7 1074 36 42 30 246 254 238 
7 1075 35 41 29 245 253 237 
7 1076 34 40 28 244 252 236 
7 1077 33 39 27 243 251 235 
7 1078 32 38 26 242 250 234 
7 1079 31 37 25 241 249 233 
 186 
 
Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
7 1080 30 36 24 240 248 232 
7 1081 29 35 23 239 247 231 
7 1082 28 34 22 238 246 230 
7 1083 27 33 21 237 245 229 
7 1084 26 32 20 236 244 228 
7 1085 25 31 19 235 243 227 
7 1086 24 30 18 234 242 226 
7 1087 23 29 17 233 241 225 
7 1088 22 28 16 232 240 224 
7 1089 21 27 15 231 239 223 
7 1090 20 26 14 230 238 222 
7 1091 19 25 13 229 237 221 
7 1092 18 24 12 228 236 220 
7 1093 17 23 11 227 235 219 
7 1094 16 22 10 226 234 218 
7 1095 15 21 9 225 233 217 
7 1096 14 20 8 224 232 216 
7 1097 13 19 7 223 231 215 
7 1098 12 18 6 222 230 214 
7 1099 11 17 5 221 229 213 
7 1100 10 16 4 220 228 212 
7 1101 9 15 3 219 227 211 
7 1102 8 14 2 218 226 210 
7 1103 7 13 1 217 225 209 
7 1104 6 12 0 216 224 208 
7 1105 5 11 0 215 223 207 
7 1106 4 10 0 214 222 206 
7 1107 3 9 0 213 221 205 
7 1108 2 8 0 212 220 204 
7 1109 1 7 0 211 219 203 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
8 1110 60 63 57 210 212 208 
8 1111 59 62 56 209 211 207 
8 1112 58 61 55 208 210 206 
8 1113 57 60 54 207 209 205 
8 1114 56 59 53 206 208 204 
8 1115 55 58 52 205 207 203 
8 1116 54 57 51 204 206 202 
8 1117 53 56 50 203 205 201 
8 1118 52 55 49 202 204 200 
8 1119 51 54 48 201 203 199 
8 1120 50 53 47 200 202 198 
8 1121 49 52 46 199 201 197 
8 1122 48 51 45 198 200 196 
8 1123 47 50 44 197 199 195 
8 1124 46 49 43 196 198 194 
8 1125 45 48 42 195 197 193 
8 1126 44 47 41 194 196 192 
8 1127 43 46 40 193 195 191 
8 1128 42 45 39 192 194 190 
8 1129 41 44 38 191 193 189 
8 1130 40 43 37 190 192 188 
8 1131 39 42 36 189 191 187 
8 1132 38 41 35 188 190 186 
8 1133 37 40 34 187 189 185 
8 1134 36 39 33 186 188 184 
8 1135 35 38 32 185 187 183 
8 1136 34 37 31 184 186 182 
8 1137 33 36 30 183 185 181 
8 1138 32 35 29 182 184 180 
8 1139 31 34 28 181 183 179 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
8 1140 30 33 27 180 182 178 
8 1141 29 32 26 179 181 177 
8 1142 28 31 25 178 180 176 
8 1143 27 30 24 177 179 175 
8 1144 26 29 23 176 178 174 
8 1145 25 28 22 175 177 173 
8 1146 24 27 21 174 176 172 
8 1147 23 26 20 173 175 171 
8 1148 22 25 19 172 174 170 
8 1149 21 24 18 171 173 169 
8 1150 20 23 17 170 172 168 
8 1151 19 22 16 169 171 167 
8 1152 18 21 15 168 170 166 
8 1153 17 20 14 167 169 165 
8 1154 16 19 13 166 168 164 
8 1155 15 18 12 165 167 163 
8 1156 14 17 11 164 166 162 
8 1157 13 16 10 163 165 161 
8 1158 12 15 9 162 164 160 
8 1159 11 14 8 161 163 159 
8 1160 10 13 7 160 162 158 
8 1161 9 12 6 159 161 157 
8 1162 8 11 5 158 160 156 
8 1163 7 10 4 157 159 155 
8 1164 6 9 3 156 158 154 
8 1165 5 8 2 155 157 153 
8 1166 4 7 1 154 156 152 
8 1167 3 6 0 153 155 151 
8 1168 2 5 0 152 154 150 
8 1169 1 4 0 151 153 149 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1170 150 155 145 150 155 145 
9 1171 149 154 144 149 154 144 
9 1172 148 153 143 148 153 143 
9 1173 147 152 142 147 152 142 
9 1174 146 151 141 146 151 141 
9 1175 145 150 140 145 150 140 
9 1176 144 149 139 144 149 139 
9 1177 143 148 138 143 148 138 
9 1178 142 147 137 142 147 137 
9 1179 141 146 136 141 146 136 
9 1180 140 145 135 140 145 135 
9 1181 139 144 134 139 144 134 
9 1182 138 143 133 138 143 133 
9 1183 137 142 132 137 142 132 
9 1184 136 141 131 136 141 131 
9 1185 135 140 130 135 140 130 
9 1186 134 139 129 134 139 129 
9 1187 133 138 128 133 138 128 
9 1188 132 137 127 132 137 127 
9 1189 131 136 126 131 136 126 
9 1190 130 135 125 130 135 125 
9 1191 129 134 124 129 134 124 
9 1192 128 133 123 128 133 123 
9 1193 127 132 122 127 132 122 
9 1194 126 131 121 126 131 121 
9 1195 125 130 120 125 130 120 
9 1196 124 129 119 124 129 119 
9 1197 123 128 118 123 128 118 
9 1198 122 127 117 122 127 117 
9 1199 121 126 116 121 126 116 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1200 120 125 115 120 125 115 
9 1201 119 124 114 119 124 114 
9 1202 118 123 113 118 123 113 
9 1203 117 122 112 117 122 112 
9 1204 116 121 111 116 121 111 
9 1205 115 120 110 115 120 110 
9 1206 114 119 109 114 119 109 
9 1207 113 118 108 113 118 108 
9 1208 112 117 107 112 117 107 
9 1209 111 116 106 111 116 106 
9 1210 110 115 105 110 115 105 
9 1211 109 114 104 109 114 104 
9 1212 108 113 103 108 113 103 
9 1213 107 112 102 107 112 102 
9 1214 106 111 101 106 111 101 
9 1215 105 110 100 105 110 100 
9 1216 104 109 99 104 109 99 
9 1217 103 108 98 103 108 98 
9 1218 102 107 97 102 107 97 
9 1219 101 106 96 101 106 96 
9 1220 100 105 95 100 105 95 
9 1221 99 104 94 99 104 94 
9 1222 98 103 93 98 103 93 
9 1223 97 102 92 97 102 92 
9 1224 96 101 91 96 101 91 
9 1225 95 100 90 95 100 90 
9 1226 94 99 89 94 99 89 
9 1227 93 98 88 93 98 88 
9 1228 92 97 87 92 97 87 
9 1229 91 96 86 91 96 86 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1230 90 95 85 90 95 85 
9 1231 89 94 84 89 94 84 
9 1232 88 93 83 88 93 83 
9 1233 87 92 82 87 92 82 
9 1234 86 91 81 86 91 81 
9 1235 85 90 80 85 90 80 
9 1236 84 89 79 84 89 79 
9 1237 83 88 78 83 88 78 
9 1238 82 87 77 82 87 77 
9 1239 81 86 76 81 86 76 
9 1240 80 85 75 80 85 75 
9 1241 79 84 74 79 84 74 
9 1242 78 83 73 78 83 73 
9 1243 77 82 72 77 82 72 
9 1244 76 81 71 76 81 71 
9 1245 75 80 70 75 80 70 
9 1246 74 79 69 74 79 69 
9 1247 73 78 68 73 78 68 
9 1248 72 77 67 72 77 67 
9 1249 71 76 66 71 76 66 
9 1250 70 75 65 70 75 65 
9 1251 69 74 64 69 74 64 
9 1252 68 73 63 68 73 63 
9 1253 67 72 62 67 72 62 
9 1254 66 71 61 66 71 61 
9 1255 65 70 60 65 70 60 
9 1256 64 69 59 64 69 59 
9 1257 63 68 58 63 68 58 
9 1258 62 67 57 62 67 57 
9 1259 61 66 56 61 66 56 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1260 60 65 55 60 65 55 
9 1261 59 64 54 59 64 54 
9 1262 58 63 53 58 63 53 
9 1263 57 62 52 57 62 52 
9 1264 56 61 51 56 61 51 
9 1265 55 60 50 55 60 50 
9 1266 54 59 49 54 59 49 
9 1267 53 58 48 53 58 48 
9 1268 52 57 47 52 57 47 
9 1269 51 56 46 51 56 46 
9 1270 50 55 45 50 55 45 
9 1271 49 54 44 49 54 44 
9 1272 48 53 43 48 53 43 
9 1273 47 52 42 47 52 42 
9 1274 46 51 41 46 51 41 
9 1275 45 50 40 45 50 40 
9 1276 44 49 39 44 49 39 
9 1277 43 48 38 43 48 38 
9 1278 42 47 37 42 47 37 
9 1279 41 46 36 41 46 36 
9 1280 40 45 35 40 45 35 
9 1281 39 44 34 39 44 34 
9 1282 38 43 33 38 43 33 
9 1283 37 42 32 37 42 32 
9 1284 36 41 31 36 41 31 
9 1285 35 40 30 35 40 30 
9 1286 34 39 29 34 39 29 
9 1287 33 38 28 33 38 28 
9 1288 32 37 27 32 37 27 
9 1289 31 36 26 31 36 26 
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Table A 7 Predictor RUL Second Life Curve (Continued) 
 
Between 
SP 
Runtime 
(Life 
used)  
Time 
to 
Next 
SP 
Tol    
+ 
Tol    
- 
Time 
to EoL 
Tol    
+ 
Tol    
- 
9 1290 30 35 25 30 35 25 
9 1291 29 34 24 29 34 24 
9 1292 28 33 23 28 33 23 
9 1293 27 32 22 27 32 22 
9 1294 26 31 21 26 31 21 
9 1295 25 30 20 25 30 20 
9 1296 24 29 19 24 29 19 
9 1297 23 28 18 23 28 18 
9 1298 22 27 17 22 27 17 
9 1299 21 26 16 21 26 16 
9 1300 20 25 15 20 25 15 
9 1301 19 24 14 19 24 14 
9 1302 18 23 13 18 23 13 
9 1303 17 22 12 17 22 12 
9 1304 16 21 11 16 21 11 
9 1305 15 20 10 15 20 10 
9 1306 14 19 9 14 19 9 
9 1307 13 18 8 13 18 8 
9 1308 12 17 7 12 17 7 
9 1309 11 16 6 11 16 6 
9 1310 10 15 5 10 15 5 
9 1311 9 14 4 9 14 4 
9 1312 8 13 3 8 13 3 
9 1313 7 12 2 7 12 2 
9 1314 6 11 1 6 11 1 
9 1315 5 10 0 5 10 0 
9 1316 4 9 0 4 9 0 
9 1317 3 8 0 3 8 0 
9 1318 2 7 0 2 7 0 
9 1319 1 6 0 1 6 0 
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Appendix B: 
 
Related Published Contribution Works and Awards 
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Awards: 
 
 
Lyndon B. Johnson Space Center Operations Team: 
“International Space Station (ISS) Computer Recovery and Contingency Operations 
Team for outstanding work to determine potential sources for computer failures, develop 
recovery, and workaround plans, and identify methods to continue oprations without the 
support of computer controlled Russian systems, critical to the safe and successful 
operation of the ISS.”   
 
The National Aeronautics and Space Administration (NASA): 
“Exceptional contibutions for the Floating Potential Measurement Unit (FPMU) design, 
development, intergration, test, launch, and successful deploment on the International 
Space Station (ISS).” 
 
Jacobs Technology/ Allied Aerospace ESTS: 
 “Outstanding Achievement in Developing Database Configuration Control Management 
(DBCM) System.“ 
 
NASA Ames Research Center: 
 “Computer Numerical Control, Manufacturing Tooling and Parts Programming 
Achievement for Wind Tunnel Model of the Stratospheric Observatory for Infrared 
Astronomy (SOFIA).”  
 
Motlow State Community College: 
 “Outstanding Computer Science Student Achievement Award.“ 
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Published Contribution Works  
 
A Master Thesis Research Project 
 “A Theory to Real World Applications, Operational Data Store (ODS) and Enterprise 
Data Warehouse (EDW) Architecture and Data Quality.”  
 
IEEE Transactions on Plasma Science manuscript (June 2008), IEEE-TPS – the 
10th SCTC special manuscript issue (2008) 
“Validation of the Plasma Densities and Temperatures from the International Space 
Station Floating Potential Measurement Unit (TPS2598)” 
 
IEEE-TPS – the 10th SCTC special manuscript issue (2008) 
“Charging of the International Space Station as Observed by the Floating Potential 
Measurement Unit: Initial Results” 
 
NASA Technical Reports Server (NTRS), Conference Paper. 10th Spacecraft 
Charging and Technology Conference; 18-21 Jun. 2007; Biarritz; France 
 
(1) Publication Date: Jan 01, 2007: 
“Initial Results from the Floating Potential Measurement Unit aboard the 
International Space Station” 
 
(2) Publication Date: Jun 18, 2007: 
“Validation of ISS Floating Potential Measurement Unit Electron Densities and 
Temperatures.”  
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